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Abstract
Research on web personalization techniques for collecting and analysing web data
in order to deliver personalized information to users is in an advanced state. Many
metrics from the computational intelligence field have been developed to evaluate
the algorithmic performance of Web Personalization Systems (WPSs). However,
measuring the success of a WPS in terms of user acceptance is difficult until the
WPS is deployed in practice. In summary, many techniques exist for delivering
personalized information to a user, but a comprehensive measure of the success
in WPSs in terms of human interaction and behaviour does not exist.
This study aims to develop a framework for measuring user acceptance of WPSs
from a user perspective. The proposed framework is based on the unified theory
of acceptance and use of technology (UTAUT). The antecedents of user accep-
tance are described by indicators based on four key constructs, i.e. performance
expectancy (PE), effort expectancy (EE), social influence (SI), and facilitating
conditions (FC). All these constructs are underpinned by Information Systems
(IS) theories that determine the intention to use (BI) and the actual use (USE)
of a technology.
A user acceptance model was proposed and validated using structural equation
modelling (SEM) via the partial least squares path modelling (PLS-PM). Four
user characteristics (i.e. gender, age, skill and experience) have been chosen for
testing the moderating effects of the four constructs. The relationship between the
four constructs in regard to BI and USE has been validated through moderating
effects, in order to present an overall view of the extent of user acceptance of a
WPS.
Results from response data analysis show that the acceptance of a WPS is deter-
mined through PE, EE SI, and FC. The gender of a user was found to moderate
iv
vthe relationship between performance expectancy of a WPS and their behavioural
intention in using a WPS. The effect of behavioural intention on the use of WPS
is higher for a group of females than for males. Furthermore, the proposed model
has been tested and validated for its explanation power of the model and effect
size. The current study concluded that predictive relevance of intention to use a
WPS is more effective than the actual WPS usage, which indicated that intention
to use has more prediction power for describing a user acceptance of a WPS.
The implications of these measures from the computational intelligent point of
view are useful when a WPS is implemented. For example, the designer of a WPS
should consider personalized design features that enable the delivery of relevant
information, sharing to other users, and accessibility across many platforms, Such
features create a better web experience and a complete security policy. These
measures can be utilized to obtain a higher attention rate and continued use by
a user; the features that define user acceptance of a WPS.
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Chapter 1
INTRODUCTION
1.1 Chapter Introduction
Information overload (Kosala & Blockeel, 2000; Paul & Nazareth, 2010; Wheel-
don et al., 2003) refers to excessive information presented to Web users due to the
large amounts of information available online (Castellano et al., 2008). The issue
of information overload has provided an opportunity for focused research into
develop intelligent web systems that resolve this problem. Web personalization,
offers this precious opportunity, one of the most powerful technologies required by
an ever increasing number of real-world web applications, is a major development
in the resolution of the problem of information overload. Web personalization is
a significant research issue in web applications, and it has been a key feature for
online news providers, e-commerce Websites, and technical data providers. Con-
sequently, a number of web personalization systems (WPSs) and their associated
techniques have been developed. Therefore, measuring the success of WPSs is an
essential requirement in understanding how a user accepts the systems.
Personalization tools offer various capabilities for a web provider. In e-commerce
websites, e-tailers are able to make tailored products from real-time recommen-
dations for additional purchases at various stages during the shopping cycle. For
instance, the leading book retailer, Amazon provides personalized information
about user preferences and interests, starting from an initial view of product de-
tails, to the shopping cart, to the final order confirmation pages. Amazon has its
features, “Recommended for you” and “Customers Who Bought ...Also Bought ”
that allow a user to view twenty shelves of book, movie, and music titles matched
1
2according to their preferences. Similarly, Barnes and Noble recommends items via
the “You May Also Like” option during checkout (Crum, 2008). These features
provide e-commerce firms opportunities to maximize the benefit to each user and
potential user interaction, and promote user loyalty.
In social networks, search engines, and video sharing websites, personalization en-
ables information to be tailored to fit a user’s interests and preferences. Google
has a “Search History”, and “Personalized Search” for a registered user by provid-
ing personalized search results based on a user’s previous searches, for a user who
signs up for any Google service using Google’s account (e.g. Gmail or Google An-
alytics). Google has broadened personalized search results regardless of whether
a user opted as a registered user or not. This feature lets Google learn from user
search results, and then provides ranking listing and search suggestions using the
user’s “cookies”. For example, if a user often searches and clicks on Amazon in the
search results, Google will give “Amazon” a ranking boost in search results. Sim-
ilarly, Facebook provides user recommendations of friends, news, advertisements,
and groups according to user profiles. Youtube has a feature which recommends
to user videos that are closer related to a user’s searches and preferences.
Measuring the success of WPSs involves defining the metrics and feedback tech-
niques. It results from two aspects: (i) algorithmic performance (AP) using
computational intelligence (CI) measures, and (ii) user acceptance of technology
(UA) using Information systems (IS) theories. The AP measures performance
of computational approaches through various algorithms and techniques (Castel-
lano et al., 2008), whereas, UA practice is focused on the analysis of user’s be-
haviour and it is based on the theoretical models from various disciplines such
as psychology, computer science, Information Systems, business and statistics.
Furthermore, UA studies focus on the behaviour of the users toward technol-
ogy. For example, a user’s perceptions and beliefs about using personalization
will facilitate their finding of relevant information. Hence, research from a UA
perspective focuseses on personalization as a marketing strategy to attract new
users, by discerning the user’s personality traits (the distinguishing features of
behaviour) (Venkatesh & Ramesh, 2006) and learning what influences a user’s
behaviour on a website.
There is a plethora of research on measuring the success of WPSs by employing
computational metrics to assess the accuracy of WPSs from the AP perspective.
However, research on user acceptance such as, how a user accepts and rejects
WPSs, is in its infancy (Tam & Ho., 2006). Moreover, there have been a number
3of valuable studies of CI approaches using performance algorithms, all of which
present sufficient evidence to support computation theories and the accurate mea-
surement of a WPS. Nevertheless, none of these studies provides a clear picture
of the psychological aspect, such as user adoption of a WPS. On the other hand,
user acceptance and use of technology is one of the richest streams of IS research
(Daniel & Christoph, 2010; Taylor & Todd, 1995a).
This thesis tries to bridge the gap between CI and user acceptance by proposing
the measures of WPSs success, based on user acceptance from IS theories. The
two main dependent variables of interest i.e. behavioural intention to use tech-
nology and system use, are driving this study in proposing the user acceptance
model. The proposed user acceptance model is then empirically tested on a data
set collected from the survey. In comparison to AP studies, this study will use
psychological measures of user interaction on WPSs based on their perceptions
and belief to determine the reasons for a user’s use of WPSs. The proposed
study utilizes theoretical models of user acceptance of technologies and the met-
rics based on CI studies, to compliment the measurement of user acceptance.
This chapter presents an overview of the research by highlighting the problems,
questions, and aims of the research, as well as its significance. Finally, it presents
the structure of the thesis. This research evaluates user preferences towards per-
sonalization features based on user’s experience on the selected websites such as
search engine, social network, e-commerce, and video sharing. The issue studied
in this study is pertaining to how a user perceived personalized features on a
website in terms of user’s daily activities on the web. These activities are linked
to searching, sharing, and recommending information, which reflected to address
information overload on the Web.
1.2 Research motivation
The amount of information with multiple applications and services provided on
the world wide web (WWW) is increasing exponentially (Gauch et al., 2007).
This phenomenon establishes the WWW as the leading medium and repository
of usage data, where businesses are able to retrieve and process usage data, in
order to provide information relating to user interests and preferences. Although
there is vast information available, users can have difficulty in retrieving and
finding useful information on the Web. For example, Xu (2008) and Yang & Pad-
manabhan (2005) indicated some of the recurring problems in web research and
4applications such as finding relevant information, finding necessary information,
gaining useful knowledge, and recommending or personalizing information.
Nowadays, personalization has become a prominent strategy to provide web in-
formation, that is tailored to user preferences. Some personalized techniques
useful in e-commerce websites (Koutsabasis et al., 2008), news portals, and dat-
ing services (Toon De et al., 2009) are collaborative filtering, rule-based filtering,
and content-based filtering. These techniques have been empirically proven to be
capable of enabling, building, and maintaining customer loyalty (Bonnet, 2001);
making the interaction efficient (Rubini, 2001); improving the quality of e-service
(Eirinaki & Vazirgiannis, 2003); helping a vendor to understand browsing pat-
terns; and encouraging a user to return for subsequent visits (Peintner et al.,
2009; Schiaffino & Amandi, 2004)
Although there are several techniques employed for delivering personalized infor-
mation to a user, there are no comprehensive measures of success of the system
in terms of human interaction and behaviour. This study aims to incorporate
personalization research into user interaction and behaviour toward WPSs. As
well, this study addresses the problem of measuring success in WPS by propos-
ing the user acceptance model based on IS theories, and validates the measures.
Furthermore, the motivation for this study has been driven by one of the notable
streams in IS research which focused on “the factors that influence users to accept
a technology” (Wills et al., 2008; Xu et al., 2010). Nowadays, web personalization
has been accepted as one of the most common web technologies, as various ser-
vices are available on-line. Hence, a study to investigate how a user accepts web
personalization technology is crucial. This study does not delve into developing
and testing a personalization system using the CI methods.
1.3 Research Questions
This study attempts to develop a user acceptance model of a WPS based on
user interactions with the websites such as e-commerce, search engines, social
networks, and video sharing. User acceptance of a computer technology is study
assessing the extent to which the user accepts a new technology. The WPSs have
become the latest trends to deliver the appropriate information to web users
through websites such as Amazon, Google, Facebook, eBay, and YouTube, which
have been selected as research subjects. To determine how the WPS acceptance
can be measured, some research questions posed in this study are as follows:
51.3.1 Is it possible to employ IS theories to evaluate the acceptance of a
WPS?
In the field of IS, several theories have been postulated to identify user acceptance
of technology, ranging from the simple to complex systems, involving voluntary
settings on personal usage, in addition to mandatory settings in the organization
(Rogers, 1995; Venkatesh & Davis, 2000). This study tries to investigate whether
those IS theories can be used to measure the extent of acceptance of web users
to adopt personalized technology.
1.3.2 How is user acceptance of a WPS evaluated?
This study tries to find answers about how one evaluates user acceptance of a
WPS, by employing IS theories. Although various theories have been found in the
literature for evaluating WPS acceptance, the question is which one is suitable to
utilize to evaluate user acceptance in terms of personalized information via WPSs.
Furthermore, the answering of this question, will lead to the further investigation
of how theories can be used to evaluate user acceptance of a WPS.
1.3.3 What factors influence an user to accept WPSs?
This thesis attempts to determine the factors that affect user acceptance of WPSs.
Research on acceptance theories reveal that various factors influence a user to ac-
cept technology (Davis, 1989). A number of theoretical models were investigated
and one of them was selected to determine acceptance factors. Furthermore,
from the unified view of the user acceptance and the use of WPSs , other demo-
graphic factors are also expected to moderate the relationships between variables
in the proposed model. These factors will be recognized as moderating effects, to
influence the way users accept WPSs.
1.3.4 Can good computational intelligence (CI) metrics be determined
from a user’s perspective?
This research question attempts to get an answer if metrics used in CI research
of personalization such as precision, recall, speed, and accuracy can be used in
determining the user acceptance of a WPS. In other words, whether it is possible
6to bridge the gap between a user’s perspective towards their acceptance of a WPS
with CI metrics.
1.4 Research objectives
The proposed user acceptance model is used to define the factors influencing
user acceptance based on user perspectives in some personalized websites such
as search engines, e-commerce sites, social networks, and video sharing sites. A
thorough understanding of the model would help users and practitioners analyze
the factors influencing the hindrance or acceptance of those personalized websites.
Therefore, it would also help to improve user acceptance and use of those websites.
According to Davis (1989), there are two purposes in evaluating technology; one
is to predict acceptance, and the other is to determine the cause of the lack of
acceptance as well as take appropriate measures to promote user acceptance of
technology. The aim of this study is to develop the following aspects of web
personalization:
• To formulate and use a theoretical model of user acceptance for use in the
area of web personalization.
• To develop the constructs that define user acceptance of a WPS.
• To propose and validate a user acceptance model of a WPS based on the
latest and most prominent theoretical model of technology acceptance.
• To investigate the extent to which moderators (e.g. age, gender, skills and
experience) influence the usage and intention to use a WPS.
• To investigate how computational intelligence (CI) measures can be related
to user perspective measures in the acceptance of a WPS.
1.5 Research significance
The benefits of this study can be categorized as theoretical and practical. Theo-
retical benefits refer to contributions that can be used to derive more information
and enhance existing knowledge. Practical benefits refer to contributions that
can be directly applied in personalized design.
71.5.1 Theoretical benefits
• Implication for WPS research: this study tries to bridge the gap between
computational intelligence (CI) and user acceptance of WPS, for measuring
how a user accepts the technology, since a plethora of research from CI has
been intensively undertaken in measuring the accuracy and effectiveness of
a WPS, rather than how a user perceives it.
• Implication for IS research: This research anticipates contributing to IS,
particularly in the area of measuring user acceptance of technology, which
has been in significant studies over the past 40 years. The findings con-
tribute to insights into extending a theoretical model from IS and develop-
ing a user acceptance indicator based on user behaviour in regard to a WPS.
The findings suggested that user behaviour become a valuable measure of
WPS acceptance.
• Implication for UTAUT research: The present study postulates and vali-
dates a prominent theory, the Unified Theory of Acceptance and Use Tech-
nology (UTAUT) into WPS. Previously, most studies that utilized UTAUT
were about mandatory settings of technology use (e.g. data retrieval com-
puter). Thus, this study used voluntary settings where users are free to
use a WPS, with the inclusion of moderating effects, to further explain the
power of UTAUT, in regard to user acceptance.
1.5.2 Practical benefits
• Implication for personalizing services - The present research contributed to
the area of WPS by formulating indicator measures of user acceptance based
on the theory and issues in personalizing services on the web. Based on the
WPS Quality Model, several characteristics of personalized services have
been investigated. Therefore, some characteristics of quality personalized
services, e.g. information accuracy, information relevancy, time, packcaging
quality, and display could be used for improving personalized services on
the Web.
• Benefits personalization for industry-The benefits of web personalization
resonated through many channels in an e-commerce field. By employing
personalization, industries may generate a benefit via providing relevant
8information and according to user’s preferences. These will then lead for
customer royalty based on relevant searches and information provided by
companies. The findings from this study can be used to provide a frame-
work how companies can tackle personalization issues pertaining to user’s
behaviour, in terms of technology acceptance and other related issues on
enabling personalization technologies for enhancing their businesses.
• Reflection of statistical analysis: This research contributes towards present-
ing and elaborating the use of partial least squares path modelling (PLS-
PM), using the structural equation modelling (SEM) approach. Further-
more, the PLS technique has recently received attention in the IS studies.
Therefore, the study anticipates contributing to the methodology to em-
ploy a theoretical model in statistical modelling, to validate and evaluate
the theory.
1.6 Chapter Conclusion and Thesis Structure
This chapter presents the rationale arguments for identifying and evaluating user
acceptance of WPS. Moreover, it presents the determination of the present re-
search, research questions and objectives as well as some benefits from theory
and practical perspectives. The framework drive from personalization area with
related to a user problem for finding and retrieving information on the web. The
data gathered from user responses via an online survey system, to assess how a
user perceives and belief to guide acceptance towards WPS. The model analyzed
by employing the partial least squares-path modeling (PLS-PM). Below are the
structures of this thesis:
Chapter 2: Web personalization and issues this chapter presents the literature
review of web personalization and issues in constructing a research topic about
it. The definition of web personalization, research trends, as well as issues such
as usability, security and privacy, and success measurement is discussed.
Chapter 3: Measuring success in web personalization the issue of evaluating the
success in WPS, pertaining to Chapter 2 is discussed by briefly comparing two
perspectives; computational intelligence (CI) and user perspective that include
user behaviour such as user acceptance. This will be further discussed in the next
chapter.
9Chapter 4: Theoretical model of technology acceptance - The literature review of
the nine prominent theoretical models in Information Systems (IS) researches.
This chapter tries to postulate some models for measuring user acceptance in
WPS, as well as describing and establishing the research model.
Chapter 5: Research methodology, research model and hypotheses This chapter
briefly defines the research design and strategies utilized in the current study.
It also includes the survey research design, ethical clearance, data description,
and introduces survey methodology and pilot study. In addition, it includes the
formulation of the research model based on the WPS quality framework and
the theoretical models in Chapter 4, as well as proposing the antecedents and
hypotheses for the study.
Chapter 6: Survey design and evaluation technique From the research model
and hypotheses in Chapter 5, this chapter presents and describes antecedents of
user acceptance toward WPSs and evaluation techniques for analyzing response
data using the structural equation modelling (SEM) by utilizing the partial least
squares -path modelling (PLS-PM) procedures.
Chapter 7: Data analysis and results- This chapter focuses on the response data
analysis, including descriptive statistics, and its implications from the point of
view of web personalization. Furthermore, the data analysis will be used for the
model validation through techniques described in Chapter 6.
Chapter 8: Findings and conclusions This chapter summarizes the findings of
the study, and highlights the key interpretations, contributions, limitations, and
potential for future studies.
Chapter 2
WEB PERSONALIZATION AND ISSUES
2.1 Chapter Introduction
This chapter introduces web personalization and its interpretation and applica-
tions in various domains. It begins by introducing web personalization, including
definitions and examples. The objective of this introduction is to conceptualise
the existing personalization and the process in terms of business and services,
through web applications, and to propose a generic framework for web personal-
ization. The next section will discuss some issues in web personalization such as
privacy, security, usability, and the measurement of success and how those issues
influence the current research.
Some personalized features from selected websites will be discussed and described
briefly in Section 2.7 to give a clear picture about what is personalized and how
it can be used in determining as research subjects.
2.2 Introduction to Web Personalization
With the dramatic expansion of information available through the WWW, infor-
mation overload has become a serious concern to users. Web users are frequently
defeated by the huge volume of information, and faced with the obstacle of they
are deterred by the obstacle of finding the most relevant and reliable information
quickly on a timely manner (Castellano et al., 2009). Recommender systems con-
stitute tools for efficient selection of the most relevant and reliable information
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resources. The interest in such systems has increased dramatically over the last
few years, driven by the demand for online web applications. Web recommender
systems are the most remarkable process of web personalization, since web users
are able to obtain recommendations with high reliability and quality. In addi-
tion, web personalization has become a well-established research field concerned
with the; difficulties that arise while selecting resources through recommender
and reputation systems and investigating the difficulties from a technologically,
social and psychological perspective (Bonchi & Jaimes, 2011).
According to Ardissono et al. (2008) and Ho et al. (2008), personalization tech-
nologies are extensively adopted in e-commerce in different ways for generating
business opportunities, such as recommending similar objects to users generating
up-sell and cross-sell opportunities (Wang & Benbasat, 2005). On the other hand,
personalized features allow businesses to customize contents, providing sales offers
and loyalty programs every time a customer visits their website (Parkhomenko
et al., 2004). In terms of web portals, to obtain the most on-line interactions and
attractions, enterprises must personalize content presentation to a user. This is
to ensure that the relevant and interesting information provided is capable of be-
ing delivered at the right time to help maintain a number of visitors on websites.
Hence, WPS helped businesses to manage interactions online, to understand their
content needs and to target the delivery of content to users of the web applica-
tion. As a result of these requirements and benefits to Web users, WPS research
has received the most attention and investment from providers such as on-line
shopping websites, search engines, as well as in the current social network and
sharing websites.
2.3 Definitions of Web Personalization
The notion of personalization is not new, for example, Vesanen (2007) noted that
the first personalization in direct marketing can be traced to the 1870s and argued
that personalization as a phenomenon is probably as old as any trade relation-
ship. Although, personalization has drawn more attention in both academic and
enterprise fields, research found that there is a little consensus in defining, char-
acterizing, operating , and measuring the factors that determine user acceptance.
Hu & Fionah (2008) and Zo (2003) stated that personalization is often used in-
terchangeably with “customizations". There exist various interpretations of web
personalization (Adomavicius & Tuzhilin, 2005b) since it is a rapidly developing
field and a popular solution for presenting interest information to users to allevi-
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ate the problem of information overload. In addition, most researchers in this field
have focused on developing new techniques and novel applications. This section
summarizes the definitions of Web personalization from various perspectives:
2.3.1 Providing content and services to users
• Personalization is the ability to provide content and services tailored to indi-
viduals based on knowledge about their preferences and behaviour (Hagen,
2000).
• Personalization is the capability to provide users, customers, partners, and
employees, with the most relevant web experience possible (Ferran et al.,
2005; Kasanoff, 2001).
• An enterprise, process, or ideology in which personalized products and ser-
vices are integrated and implemented throughout the organization, including
all points of sale, other points of customer contact, and back-end activities
and departments such as inventory, shipping, production, and finance (Fan
& Poole, 2006).
2.3.2 Use of technology to tailor commerce interaction
• Personalization is the use of technology and customer information to tai-
lor electronic commerce interactions between a business and every customer.
Using information either previously obtained or provided in real time about
the customer, the exchange between the parties is altered to fit that cus-
tomer’s stated needs, as well as needs perceived by the business based on
the available customer information (Kirk & Pal, 2010).
• Personalization is the combined use of technology and customer information
to tailor electronic commerce interactions between a business and everyone
(Adomavicius & Tuzhilin, 2005a).
2.3.3 Computational intelligence and automatic adjustment
• Personalization is a toolbox of technologies and application features used in
the design of an end-user experience (Kramer & Vego, 2000).
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• Presenting customers with services that are relevant to their current loca-
tions, activities, and surrounding environments (Dey, 2001).
• A personalization system is any piece of software that applies business rules
to profiles of users and content to provide a variable set of user interfaces
(Dezhi & Turoff, 2003).
• Machine-learning algorithms that are integrated into systems to accommo-
date an individual user’s unique patterns of interactions with the system
(Hirsh et al., 2000).
• Computer networks that provides personalized features, services and user
interface portability across network boundaries and between terminals (Tomar-
chio et al., 2006).
• Personalized systems are unifying platforms embedded in any type of com-
puting devices that support individualized information inflow and outflow
(Rubini, 2001).
• Personalization refers to the automatic adjustment of information content,
structure, and presentation tailored to an individual user. Commercial web-
sites increasingly employ personalization to help retain customers and re-
duce information overload (Perugini & Ramakrishnan, 2003).
2.3.4 Capacity to customize communication
• Personalization is the capacity to customize customer communication based
on knowledge preferences and behaviour at the time of interaction (with the
customer) (Anderson et al., 2007; Dyche, 2002).
• One-to-one relationships with customers; direct access to personally rele-
vant news, seamlessly integrating user preferences into the existing infras-
tructure, collecting information about user interests (Fink & Kobsa, 2000).
• Customization of communications by means of click stream (Horst, 2004).
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2.3.5 Building customer loyalty
• Personalization is about building customer loyalty by building a meaningful
one-to-one relationship; by understanding the needs of everyone and helping
to satisfy a goal that efficiently and knowledgeably addresses everyone’s
needs in a given context (Riecken, 2000).
• One of the instruments of e-marketing mix, aspect of segmentation (Rubini,
2001).
2.3.6 Information Systems (IS) and Human-Computer Interaction (HCI)
• Under direct user control; the user explicitly selects between certain op-
tions Personalization: driven by computers, which try to serve individual-
ized pages to users based on some kind of model of their individual needs
(Billsus & Pazzani, 2000).
• Personalization pursuant to adaptive technologies (Billsus & Pazzani, 2000).
• Personalization of information in order to customize interactions with end-
users and reduce interaction complexity (Chiasson et al., 2002).
• One-to-one recommendation of products (Ardissono et al., 2008).
• Personalization is any behaviour occurring in the interactions intended to
contribute to the individuation of the customer (Kim, 2002).
From the above definitions, It can be seen that, WPS appeared and was im-
plemented from different views and in different terms in the academic litera-
ture (Treiblmaier et al., 2004) and industry (Adomavicius & Tuzhilin, 2005a).
These views show that personalization has a different meaning in different fields.
For example, research in marketing and e-commerce focuses on how to manage
the customer relationship by delivering unique value and benefits to everyone,
whereas computer scientists use computational methods to close the gap between
users and personalized services on WPS, as well as to build an adaptable system.
According to Mulpuru (2007), personalization and customization are interchange-
able and could be found in many dimensions, especially in an e-commerce domain.
For instance, the interaction between enterprises and users on the website is per-
ceived as a relationship such as one to many and one to all, as presented in
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Table 2.1 below.
Table 2.1: Integration Enterprises-Users
Type of
e-commerce
interaction
Definition
Personalization One to one Custom web pages are delivered to individ-
uals based on explicit or inferred inputs.
Example: Amazon.com shows different
home pages to customers based on the
previous click stream and/or purchase be-
haviour.
One to many A finite set of Web pages is delivered to
customers based on how those customers
map to predetermined segments.
Example: Virgin Mobile’s website asks cus-
tomers which regional Website they want to
set as their default navigation option.
Customization One to all A single click stream or set of items ap-
pears to all customers, regardless of their
previously exhibited behaviour or intent.
Example: Weather.com does not used user
‘cookies’ and only displays customized con-
tent if users specify that they want it.
2.4 Web Personalization: State-of-the-Art technology
Web Personalization is a complex problem (Balik & Jelinek, 2006; Castellano
et al., 2008; Liang et al., 2009). A personalized service is the interactive process
assisting vendors by providing personalized content, based on user preferences and
location. For example, the vendor could offer a Website tailored to the geograph-
ical location of the user from the main homepage. This is an example of services
that can be offered by personalized agents subject to a “time-perishable, intangi-
ble experience” (Liang et al., 2009), as well as an interactive process (Fitzsimmons
& Fitzsimmons, 2008; Liang et al., 2009).
Furthermore, empirical evidence indicates that about 80% of Internet users are
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interested in personalized services (Kobsa, 2007). According to Freedman (2007),
56% of frequent on-line shoppers expected to make a purchase on a website that
offered personalized features. In delivering personalized services, WPS strategies
should fit with business technology. For example, managing interactions with
on-line users in e-commerce websites involves understanding their content need
and targeting the delivery of content to a user of website applications.
2.4.1 Personalization in business and services
Fitzsimmons & Fitzsimmons (2008) defined “a service as being a time-perishable,
intangible experience performed for a customer acting in the role of co-producer”.
Business and services in an interactive process for the cooperation of value from
enterprises to users (Fitzsimmons & Fitzsimmons, 2008; Liang et al., 2009). A
business system for delivering high quality service to users is an integrated sys-
tem. From a business point of view, the implementation of personalization is a
process that links users and enterprises. Since personalization has been found to
have a positive effect on user satisfaction, it has become a major component of
many IT-based service systems (Liang et al., 2009). Hence, in e-commerce, web
personalization is a tool for user interaction through promotion, products, and
services, that create better preference matches, better product recommendations,
as well as a better web experience for a user (Murthi & Sarkar, 2003).
To describe the interaction process that provided web personalization from a busi-
ness process point of view, Figure 2.1 depicts a proposed conceptual relationship
among principal components in a WPS, which is supported by Computational
Intelligent (CI) and Information Systems (IS). CI relates to personalized agents
(e.g. data mining) that drive a personalization process. Whereas, IS supported
by defining management of user behavior and human-computer interaction (HCI)
in a personalization process. Furthermore, business process modelling and busi-
ness rules integrate CI and IS suited to business direction, and support person-
alized services by two typical user preferences, e.g. personalized products on an
e-commerce website or articles in news personalization, or other personalized ser-
vices. User Profiles (UP) are captured by CI techniques with implicit and explicit
user data which in turn are utilized in the delivery of personalized products and
services to a user.
Enterprises have spent many resources in personalization to provide higher qual-
ity personalized services in looking for more business opportunities and stronger
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Figure 2.1: Proposed Conceptual Relationship among Services and Businesses in
a WPS
user satisfaction, which can influence user retention to a website. For instance,
Amazon.com employs personalized features that greet the users and shortlist
some books on the recommendation pages. These recommendations are based on
a user’s previous visits and purchases. Table 2.2 shows the different types of web
personalization features that range from a simple salutation, to a suggestion of a
wishlist to repeat visitors.
Table 2.2: Web Personalization
Personalization type How it works Comments/examples
Greeting visitors Usually triggered by
customer login
Typically a salutation
such as “Welcome
back Iris”
Saved shopping carts Cart has products
stored for an extended
period of time, usually
more than 24 hours
Frequently depends on
a Website’s server ca-
pacity and the length
of a consumer’s pur-
chase cycle for a given
product.
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Continued from the previous page
Personalization type How it works Comments/examples
Saved email preferences Marketers ask cus-
tomers which type
of email marketing
messages they would
like to receive (or
how frequently) and
communicate with
customers accord-
ingly.
Although this method
is effective, most email
marketing by retailers
continues to be “batch
and blast”.
Registries/wish lists Products are associ-
ated and stored with a
given customer profile
Most effective for
heavy gifting Web-
sites
Saved profile/account Typically saves
billing, shipping, and
credit card informa-
tion for buyers.
Amazon’s 1-Click
ordering critical for
convenience-driven,
frequent shoppers
Product configurations Tools create unique
products, usually a
shell product with
some customizable
attributes
While popular with
customers, configura-
tions are more often
a logistical or opera-
tional hurdle
Website segmentation Creates different click
stream or navigation
paths or different
product offers for
customers based on
implicit and explicit
data
Some Websites show-
case one version of a
site for new visitors
and another for repeat
visitors
Personalized cross-sells Products that are
likely to increase sales
or time on the Web-
site are showcased on
a product detail.
“Customers who
purchased this also
purchased. . . ..” and
“Customers like you
may like. . . ”
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Continued from the previous page
Personalization type How it works Comments/examples
Filtering A series of questions
filters a customer’s
preferences and cre-
ates a finite list of op-
tions to suit his/her
needs
High-ticket items
such as cars, large
home appliances, and
consumer electronics
are typically the cat-
egories that leverage
this most frequently
2.4.2 The Generic Model
In order to describe the currect state of Web personalization, the generic model
of personalization is proposed in Figure 2.2. This model is inspired by Leontief’s
Input-Process-Output (IPO) Model. The IPO model was originated from the
general system and economics theory (Kurz & Salvadori, 2000). The proposed
generic model of WPS will be used for assisting in developing acceptance factors
(described in Section Section 6.2) as a complimentary of WPS Quality model
(described in Figure 5.4).
Figure 2.2: A proposed Generic Personalization Model
Based on Figure 2.2, web personalization involves four stages: input, process,
output, and metrics. The generic model consists of four elements as follows:
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2.4.2.1 Input
Input is the data in the WPS to achieve output or results. As personalization
is involved system and series of as a task. As personalization involves systems
and a series of tasks, it can be adapted in the computational process. Therefore,
input can be the information or data needed to be added in the systems (e.g.
demographic data).
2.4.2.2 Process
A process is a series of actions or conceptual schemes, involving sub-actions or
stages, which produces the final results. A process in Web personalization is a
series of actions taken by the system such as user profiling and matchmaking,
and recommendations. There are various processes involved in delivering person-
alization.
2.4.2.3 Output
Output is the final results from the previous process, which is based on the knowl-
edge learned about users, as stored in the user profiles. The personalization ser-
vices should be able to find and deliver the most relevant items to the users in
several ways, such as by the contents and the interface.
2.4.2.4 Metrics
Metrics also known as measures or key performance indicators (KPIs), is simply
a tool for assessing the impact of a particular personalized project. The metrics
are used to define and measure success in a WPS (Fan & Poole, 2006). From
a CI paradigm, metrics involves measuring the personalization impact or testing
the performance of a system, by determining to what extent a user is satisfied
or dissatisfied with the delivery of the contents on offer(Adomavicius & Tuzhilin,
2005a). On the other hand, from the user’s perspective, metrics are a user’s
feedback about the WPS, including the acceptance of the WPS (i.e. is trusted, is
attractive in appearance, fulfills a user’s expectations, and meets response times).
Table 2.3 below differentiates between IS and CI perspectives in evaluating the
WPS.
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Table 2.3: Differential metrics and methods
Perspectives Metrics Methods Objectives
Computational Intel-
ligence (CI)
Precision
Recall
Algorithms
Test
training
To measure the accu-
racy of recommenda-
tion items provided by
a system
Information Systems
(IS)
Constructs
user’s behav-
ior based on
theory
Survey
Case study
Lab exper-
iment
To understand and
analyse the factors
which determine a
user acceptance or
rejection of technol-
ogy. Researchers aim
to find external vari-
ables or moderating
influences on variables
relationships.
2.5 Metrics for measuring WPS
Based on Table 2.3, this section presented techniques from both CI and IS stand-
point for measuring a WPS.
2.5.1 Computational intelligence (CI) methods -
From Table 2.3, it can be seen that, there are two perspectives existing for evalu-
ating WPSs. CI approaches involve evaluating recommendations, since the most
frequently used technique for web personalization is the recommender system
(Castellano et al., 2009). Hence, performance of WPSs can be reflected in rec-
ommender systems, and several measures of overall performance (Saxe, 2005).
Yu (1999) suggested that the common performance indicators in a personaliza-
tion engine are efficiency, scalability, and quality of recommendations. Following
Saxe (2005), efficiency refers to the amount of processing necessary to produce
the appropriate recommendations. For example, the diminished user satisfaction
which results from a slow response by the systems will affect the efficiency. Scal-
ability ensures that the efficiency does not decrease as online data from users is
increased. These problems will affect the quality recommendation, which refers
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to the quality of recommendations such as products or contents available to the
user, based on user’s preferences or user profiles.
In addition, Zhang et al. (2004) argued that a significant need exists for a new
generation of developing Web services that have the capability of intelligently
assisting web users in finding useful web information and making smart decisions
on the web. Furthermore, according to Castellano et al. (2008), there are two
main challenges in developing WPSs: (1) How to discover useful knowledge from
the Web under uncertainty conditions, and (2) How to exploit the knowledge in
order to make intelligent decisions for Web users. Previous researchers revealed
that CI was a potential tool to face under Web uncertainty (Castellano et al.,
2008; Zhang et al., 2004), as was Web personalization.
Research towards CI concerns algorithm development and testing to solve com-
plex problems (Castellano et al., 2008; Engelbrecht, 2007), based on natural and
artificial intelligence. CI classification is still being debated, but generally CI
paradigms are comprised of two approaches:
• Artificial intelligence (AI) approaches - including Neural Computing (NC),
Fuzzy Logic (FL), and Evolutionary Computing (EC). NC supplies the
mechanism for learning and modelling complex functions, FL gives a mecha-
nism for dealing with imprecision and uncertainty underlying real-life prob-
lems, whilst EC provides algorithms for optimization and searching (Castel-
lano et al., 2008; Engelbrecht, 2007; Zhang & Ghorbani, 2007).
• Machine learning (ML), and Data mining (DM)- are inter-related methods
for extracting knowledge from Web data and presenting relevant informa-
tion to a user, according to user preferences and profiles.
In regard to Web personalization research, the CI paradigm has drawn the at-
tention of researchers (Castellano et al., 2008; Frias-Martinez et al., 2005), and
revealed that CI is able to improve the behaviour of Web services, in the case of
imprecision and uncertainty (Pierrakos et al., 2003). Finally, CI has been adapted
in Web mining for approximate queries, personalization, learning to be deduced
from Web data, as well as becoming a novel research area known as Computa-
tional Web Intelligence (CWI) (Zhang et al., 2004). The following summarized
some of the existing CI researches related to effectiveness of Web personaliza-
tion:
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2.5.1.1 Machine learning and data mining -
Machine learning techniques is used for creating and describing user model (e.g.
user profile), for example content-based filtering (Mobasher et al., 2000). It is a
group of techniques applies machine learning to web content and text for discover-
ing user preferences during navigating on the web. This technique able to extract
user’s browsing behaviour by using the similarity between web documents and
items preferred by users. The process finalized with the automating the creation
and adaption of information, discovering attractive usage patterns, extracting
knowledge in web data, known as knowledge data discovery (KDD) or data min-
ing, which able to provide a complete adaptation task (Pierrakos et al., 2003). In
addition, by extracting the knowledge from web data, this technique known as
Web mining (Etzioni & Zamir, 1998). The integration of machine learning and
web mining approaches can be categorized into three categories, depending on
the part of the web to mine:
• Web usage mining - is a process to discover interesting patterns of use by
analysing web log data. This process is integrated with machine learning
techniques such as collaborative and event-based filtering. For example,
using decision tree induction for personalized recommendations (Cho, 2002),
the intensive analysis techniques of usage pattern on Websites (Liu et al.,
2011), using social network information to enhance collaborative filtering
(Liu & Lee, 2010), and applying usage mining for intranet personalization
(Saad & Kruschwitz, 2011).
• Web content mining - is a process for discovering useful knowledge from web
contents. The content-based filtering is a machine learning technique used
for integrating the mining process. Several studies in this area are follows:
enforcing content-based filtering for on-line social network (Vanetti et al.,
2011), combination of content-based filtering, web content mining, and col-
laborative filtering for e-learning recommendations (Ghauth & Abdullah,
2010).
• Web structure mining - is a process of discovering useful knowledge from
structure of the web graph. This technique is integrated with reputation-
based and hybrid filtering methods, of the machine learning techniques. Ex-
amples study in this area are: integrating web structure mining with back-
propagation network in enhancing e-commerce recommendations (Chou
et al., 2010) , and using time graph patterns in representing topics rec-
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ommendations to web users (Oshino et al., 2010).
2.5.1.2 Artificial intelligent
Neuro computing
• Employed neural network agents for learning user profiles with training data
collection from users (Shavlik & Eliassi, 2001).
• Used a neural network for classifying a user’s navigation path Bidel et al.
(2003).
• A neural network approach based on reinforcement learning that learns user
preferences implicitly from direct observations of browsing behaviour (Seo
& Zhang, 2000).
• Used competitive learning schemes to mine access patterns from Web log
data and discover association rules between URL pages (Dong et al., 2005;
Menon & Dagli, 2003).
• Proposed a recommendation system that suggested relevant URL by relying
on profile-specific neural networks (Nasraoui & Pavuluri, 2004).
• Demonstrated a recommendation system for movies by employing an unsu-
pervised neural network, known as self organized maps (SOM) (Roh et al.,
2003).
• Employed self organized maps (SOM) to create a recommendation system
for e-commerce (Changchien & Lu, 2000).
• Applied a rule-based recommendation system where reinforcement learn-
ing is imposed continuously to evaluate the user acceptance of presented
recommendations and to adapt the recommendations that reflect the user
interests (Golovin & Rahm, 2004).
• Applied a neural network for computerized page ranks in the Web and
processing types of graph structured data (Scarselli et al., 2005).
Fuzzy logic
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• Joshi & Krishnapuram (1998) used fuzzy clustering for mining Web access
logs to derive usage clusters by a proposed algorithm, competitive agglom-
eration of relational data (CARD)
• Mining web user profiles using relational clustering algorithms: fuzzy c-
Trimered Meloids. Relational Fuzzy C-Maximal Density Estimator (RFC-
MDE), Fuzzy c-Meloids (FCMdd), and Relational Fuzzy Subtractive clus-
tering algorithm, respectively (Krishnapuram et al., 2001).
• Performed clustering of Web documents to discover groups of Web pages
having related content (Etzioni & Zamir, 1998).
• A fuzzy logic inference mechanism used to implement a personalization
engine with the ability to mix user profiles that are similar (Nasraoui &
Petenes, 2003).
• Employed fuzzy logic to derive profiles that model user behaviour and pro-
vide recommendations using fuzzy profiles (Ardissono & Goy, 1999).
Evolutionary computing (EC)
• Employed algorithms based on genetic learning for retrieving Web docu-
ments (Kim & Zhang, 2000).
• Used genetic programming for automatically evolving new retrieval algo-
rithms based on user evaluation of previously viewed documents (Gordon
et al., 2006).
• Used a genetic algorithm (GA) and evolutionary strategies (ES) to pre-
dict user preferences on the Web data; for student modelling; profiling
e-Commerce customers; for capturing user preferences to improve Web
searches; and for filtering and classifying (Fan et al., 2000; Lee & Tsai,
2003; Min et al., 2001; Romero et al., 2003; Shin & Lee, 2002).
• Performed dynamic query optimizations by employing GA (Horng & Yeh,
2000).
• Developed a query reformulation technique using GA, which generates sev-
eral queries that explore different areas of document space and determine
the optimal one (Boughanem et al., 2000).
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2.5.2 Information systems metrics -
As seen from Table 2.3, from the IS side, metrics for evaluating can be drawn
to assess the effectiveness and impact of the system as perceived by the users.
According to Heje et.al. (2008), such evaluation of the system is based on de-
sign science research, therefore, it concerns the evaluation of outputs, including
theory and artifacts. Consequently, the studies on user acceptance of WPSs
are paramount in marketing research and involve several areas such as human
computer interaction (HCI) (Tam & Ho., 2006), user experience (Novak et al.,
2000), website usability (Agarwal & Venkatesh, 2002; Palmer, 2003) and prod-
uct marketing (Murthi & Sarkar, 2003). Hence, evaluation metrics from IS used
numerous theoretical models, for analysing, explaining, predicting, designing and
implementing the systems (Gregor, 2006). Some theoretical models of user ac-
ceptance technology will be discussed in depth in Chapter 4.
The focus of this thesis is not to develop a personalization system but, to establish
the factors that affect users acceptance towards WPSs using the IS theories. This
research is an attempt to bridge the gap between between CI and IS research.
This study is significant for understanding and explaining human-related factors
in the acceptance of WPSs by utilizing IS theories.
2.6 Identification of Web personalization systems (WPSs) to
be used in survey as samples
This section describes the methods for determining the personalized websites for
this study, identified as WPSs. Furthermore, the difference between personal-
ized websites and non-personalized websites will be identified. This section will
attempt to summarize notional concepts and distinguishing features of the non-
personalized and personalized websites.
From the advent of the WWW, websites have been developing rapidly from static
to a dynamic environment in order to deliver valuable information to their users.
By concentrating on typical e-commerce websites, web portals, or enterprise web
portals, one realises that the functionality of websites has improved over the past
ten years. For example, from 1999 to 2001, the WWW was dominated by the
“dot com” business, where most of the companies established their businesses on
the WWW. Whereas from 2001, the WWW became ubiquitous with the birth of
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many web-based applications and services..
2.6.1 Non-personalized websites
Without personalized features, the Web is a ‘static’ environment where everyone
is delivered the same content. Users view the content according to their selection
and searching. In other words, this environment is a ‘pull’ relationship between
user and web content. This constant environment which basically presents the
contents and hyperlinks based on searching and navigating, can be classified as
‘pull oriented’. The contents and hyperlinks are presented to a user after they se-
lect or search by keyword or item that they needed. For example, many websites
developed before the mid-1990’s produce and present contents to a user depending
solely based on the requirements of a user, prior to the content being delivered to
them. Compared to personalized websites, personalized features changed user’s
relationship, where the Web assisting and presenting contents based on user in-
terests, profiles and navigational behaviour captured by personalized agent.
2.6.2 Personalized websites
Nowadays, websites are more competitive. Hence, it is more necessary than ever
for a website owner to provide a user with a personal web experience. In com-
parison, a personalized website is a more ‘dynamic’ environment and ‘push ori-
ented’. The structure of a personalized website is similar to a non-personalized
website. For instance, it has a navigational menu and search box to enable a user
to navigate through content and search it by keyword. However, the difference
is, it can deliver a personalized experience to a user, by presenting contents or
hyperlinks based on implicit and explicit user data, instead of relying on a user’s
interests and preferences .
A personalized website allows web contents and hyperlink options to be presented
to tailor to user preferences, interests, and needs by analysing and predicting
choices based on usage data (e.g. items viewed, time spent at a page, browser
types, and IP address).
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2.7 Description of Websites used as personalization samples
in the survey used in the present study
Nowadays, many web services offered information tailor delivered to user interests
for many reasons such as creating loyalty, as well as developing a relationship
between users and providers. In this section, the way to determine which online
service was considered as a WPS was based on the previous work by Gaitonde
(2008) and Liang et al. (2009). Some criteria used in selecting personalization
systems were:
• Whether the website needed to collect a user’s personal information.
• Whether the website required using the user’s preferences.
• Whether the content was tailored to a different user.
From the above criteria, this research determines what is a personalized system
pertaining to websites that range from various technologies; from search engines,
portals to dating services. However, personalized services do not have a complete
definition and they are difficult to define as they vary depending on the applica-
tions (Horne & Hall, 2001). For example, e-commerce transaction services, direct
target marketing (e.g. dynamic advertisements and banners), and web and corpo-
rate portals. Thus, personalized services are perhaps best illustrated by examples
such as the ones below:
2.7.1 Amazon’s recommendations
Amazon’s recommendation at http://www.amazon.com has become the most ef-
fective personalized service on the WWW since the start of this century. Ama-
zon’s personalized services utilize web mining techniques and user preference mod-
elling to generate individual user-personalized recommendations of books for a
user. The record of a user’s service and activity on a Website (e.g. books that
have been purchased, or placed in a wish list), is then used to create profiles
to deliver specific content (e.g a selection of certain books) and hyperlinks to
a specific user, or books based on the selection of authors and titles by other
users.
Some personalized features offered by Amazon.com are:
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• Items, e.g. books and other items (Figure 2.3).
• Email notification about items on the wish list.
• Item suggestion such as “people who bought this product also bought..”
(Figure 2.3).
• Product rating and review for guiding current and potential buyers (Fig-
ure 2.3).
• Advertisements related to what is on a user’s wish list.
(a) Products Recommendations (b) Items suggestions
(c) Product Reviews
Figure 2.3: Recommendations, suggestions and reviews
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2.7.2 Google
This Website is the most popular one and located at http://www.google.com.
Google is a search engine website that is free to access by anybody throughout
the globe. To get personalized features, a user needs to be a registered mem-
ber. Besides, Google offers and hosts a number of web services and products.
For sharing and collaborating throughout web applications, Google offers the ap-
plication programming interface (API) for various services such as Google Map
API, Google Applications API and Google Code. There are many personalized
experiences to registered users offered by Google, such as:
• Historical searches based on a user’s previous searches and browsing history.
• Top ranking in the keyword searches.
• Suggestions for keywords.
• Recommendations for map searches.
2.7.3 Youtube
Youtube is a video-sharing website at which users are able to upload, share, and
view videos. It allows the user to create their profiles by registering as a registered
member using an email address. Users are able to upload the videos in various
formats such as Audio Video Interleave (avi), QuickTime (mov), Moving Picture
Experts Group (mpeg), or Windows Media Video (wmv). Nowadays, Youtube
(owned by Google) is one of the top ten most popular websites. Some personalized
features a user could experience on Youtube are:
• Video recommendations related to user searches (Figure 2.4).
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(a) Products Recommendations (b) Sharing and embedding
Figure 2.4: Videos recommendations and sharing
• Video sharing and collaboration with other social network websites such as
Facebook and Twitter.
• Personalized searching of the video items (e.g. topics and channels).
• Offering other videos pertaining to user searches and channels (Figure 2.4).
• Targeting advertisements according to the geographic locations of the users.
• Personalized email to a user including informative comments on the videos
by other users.
• Allows syndication of videos in a blog using HTML code (Figure 2.4).
2.7.4 Facebook
Facebook (http://www.facebook.com) is a social network website launched in
February 2004. Users may create personal profiles, add other users as friends,
join a closed group created by other users with a common interest, workplace,
college or university, or by other products and services. The following are some
of the personalized experiences that users may have on Facebook.
• Item recommendations such as friends to be connected, group or products
and services pertaining to user profiles.
• Targeting advertisements related to user’s geographic location.
• Personalized emails containing comments, news-feeds and other updates.
• Sharing items with other personalized services such as Yankee and Yelp.
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Like - A user able to show their friends in status updates, photos and links,
using the "like" button. The “like” buttons are commonly appearing in popular
websites such as CNN (http://www.cnn.com), TIME (http://www.time.com)
and ABC (http://www.abc.com). By clicking the “like” button, other users
have information about their friend’s preferences by sharing features. Therefore,
information about those websites is available and more likely matches with a
friend’s favourites are probable, as depicted in Figure 2.5 below:
(a) “Like” button (b) Activity feeds
(c) Recommendations
Figure 2.5: “Like” button, activity feeds, and recommendations on Facebook
Activity feed - Activity feed provides a service surface for a user to user sharing
of articles that each reads or prefers. For example, CNN.com provides an activity
that a user’s friend has mentioned on the website (e.g. commenting, sharing
articles, and liking). When a user logs on to Facebook, a user will receive some
information about their friend’s activity while Facebook searches and presents
information to be shared in status updates, e.g. breaking news coverage, and
popular articles, as depicted in Figure 2.5.
Recommendations - This feature helps a user experience more relevant content
by highlighting and recommending it to a user based on their profiles and other
friends’ preferences. For example, if other friends hit the “like” button on such
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websites then a user will receive recommendations about those websites that other
friends’ enjoy, as depicted in Figure 2.5.
2.7.5 eBay
eBay is the Internet shopping website located at http://www.ebay.com. It is
an American company managed by eBay.com and launched in 1995. It is also
available throughout some regions around the globe, for example, Australia, Asia
and Europe. To be a member, a user is required to register using an email
address, and then allow them to become involved as a buyer or seller. To date,
eBay has become the electronic marketplace where businesses and individuals are
able to buy and sell practically any product, either a brand new item or a used
one, or auction a product in a ’set-time’ auction. There are many personalized
experiences offered by eBay, such as:
• Watch list recommendations on the items based on users’ previous searches,
watches and saves.
(a) Watch list (b) Targeting advertisement
(c) Personalized email notification
Figure 2.6: Items watch list,targeting advertisements, and email notification
• Product recommendations based on a user’s current searches, watches and
wishlists, as well as his/her purchases.
• Email notification about time auctions, winning and buying items (Fig-
ure 2.6).
• Sharing and collaborating with other websites such as Facebook and Twit-
ter.
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• Targeting advertisements according to a user’s geographic locations (Fig-
ure 2.6).
2.7.6 Summarization of personalized features on websites
To summarize, personalization uses any insight or piece of user data, (e.g. user’s
preferences, navigation history, keyword searches, etc.). which can be utilized by
the personalized engines to deliver a personalized experience The personalization
process is capable of making the content more relevant and compelling to web
users. In addition, there are many personalization approaches that enable the
content-targeting decision-making and delivery. With the increasing number of
techniques and technologies in web applications, the methods for delivering per-
sonalized features on a website are expected to expand in the future, subject to
the requirements and challenges of web applications and services, as well as the
vast range of users and devices. The idea behind web personalization processes
is to locate the suitable dimension that is able to drive content-targeting users.
The following dimensions are examples in which user data can be used:
(i) User profile - demographic user data such as the gender, age, etc. which
the provider may learn and use for delivering relevant and targeting contents.
(ii) User navigation history - history of a user on a website, e.g content they
have viewed, emails they have opened, URL’s which they have clicked, etc.
(iii) community activities - the providers may acquire user data from commu-
nities they have joined. E.g in social networking sites such as Facebook, user
interests and group preferences can be ascertained for delivering more accurate
information to users. Other activities by a user may be bookmarking, tweeting
and sharing on other social sites.
(iv) Click streams - by analysing the click path of a user’s traffic on a website,
the provider may acquire a specific path which the user has clicked on and hence
enable the provision of contents according to the click stream.
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(v) Reviews and ratings - in e-commerce websites, reviews and ratings of the
products by a user are important in providing positive or negative feedback to
lead the content targeting to its users.
(vi) On site search - providing user intentions and preferences for related prod-
ucts or items, which guide the vendor in providing the right content.
Finally, based on some personalized features on websites such as e-commerce sites,
search engines, and social network websites described previously in this section,
Table 2.4 below summarizes all the possibilities of personalized features on the
websites and analyzes which one is delivering a “personalized experience” and has
been adopted in this research as a WPS.
Table 2.4: Determination of Web personalization
Applications
/services
Collecting
user
personal
information
Using user
preferences
Tailoring
contents to
users
Category of
services
Personalization
Amazon’s rec-
ommendations
Yes
-email
address
Yes Yes Yes
-Products rec-
ommendations
–books etc.
Yes
iGoogle Yes
-email
address
-location
Yes Yes Customization
of web pages
No
myYahoo Yes Yes Yes Customization
of web pages
No
Google’s
personalized
search
Yes
-account
information
Yes
-cookies for
determining
the right
computer
searches
Yes Yes
-Search terms
-URL
Yes
Netflix Yes
- email
account
Yes Yes Yes
-video recom-
mendations
Yes
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Applications
/services
Collecting
user
personal
information
Using user’s
preferences
Tailoring
contents to
users
Category of
services
Personalization
Youtube Yes
-email
address
-geolocation
Yes
-videos by
tagging
Yes
-channels
-favorites
-playlists
Yes
-online videos
-targeting
advertisement
-rank videos
-related videos
Yes
Facebook Yes
-email
address
-current city
-gender
-likes
Yes
- tag
- sharing
applications
under
consent
Yes
-geolocation
-gender
-friend of
friend recom-
mendations
Yes
-Social recom-
mendations &
-advertisement
-contacts
-targeting
advertisement
-photos
Yes
Ebay Yes
-email
-address
Yes Yes
-previous
searches
-previous
wish list
-related
products
Yes
-product recom-
mendations
-online auctions
-wish list
-related
products
-People who
bought
-email
notification
-winning items
Yes
Based on Table 2.4, it can be seen that Internet application services seem to
separate into several degrees of personalization (Gaitonde, 2008), such as low
personalization (e.g. greeting a user), based on viewed content by a user (e.g.
Amazon.com and eBay), and based on individual and group-level information
(e.g. YouTube and Facebook).
Based on above analysis, it can be found that some current websites show the
personalization features in this thesis. These websites are used as samples in the
survey questions. These websites are: (i) Google, (ii) eBay, (iii) Amazon, and
(iv) Facebook.
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2.8 Personalization: Issues and Challenges
In this section, some issues and challenges in a WPS will be discussed. Web Per-
sonalization relies heavily on acquiring information from users by implicit and
explicit methods. For instance, users giving information about their geographic
data (e.g. name, birth date, and place) by log-in to the Website or portal. How-
ever, most user data is acquired by the systems non-intrusively from analysis of
the Web server log or other analyses by the personalization agents and the use
of “cookies”. Some issues raised in WPS implementation are: (i) privacy, (ii) us-
ability, and (iii) success measurement. These issues are discussed in the following
points
2.8.1 Privacy versus personalization
Privacy on the Web is a crucial issue, but so too is privacy in a WPS. Since a WPS
heavily depends on acquiring user information, the threat to privacy can occur at
any point between the interaction of users and web page contents. According to
Chellapa & Sin (2005), web personalization is based on two critical factors: (i) the
ability of the vendor to acquire user information, keeping it safe and processing
it in a secure manner, and (ii) user willingness to share personal information and
use personalized features.
Advances in WPS have allowed most vendors to offer personalization services to
various degrees. Recently, sophisticated monitoring systems, and robust databases
allowed vendors to discreetly gather information about individual transactions
and use that information to personalize interactions (Langenderfer & Cook, 2004;
Moon, 2000). For example, such technology also allows vendors to gather infor-
mation covertly via click stream data that can be used to profile and target
individual users with cookies and tracking software (Milne & Bozza, 1999). Al-
though the advancement of a WPS agent which is established, research shows
that users are not convinced of the system that their information is secure and
may not be willing to share their information on-line due to privacy concerns
(Culnan, 2000).
Previous work on privacy issues revealed that there is consistency of higher level
privacy concerns (Carminati et al., 2005). Moreover, Chiu (2001) shows that up
to 54% of Internet users refrained from shopping on-line. This activity could, for
example, include information about the identity of the user, earlier usage of a
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service, the user’s preferences and dislikes, and many other types of data (Kobsa
& Schreck, 2003). Therefore, the collection and processing of such information
can conflict with privacy concerns (Kobsa, 2007). Phelps et al. (2000) suggested
that there is a positive correlation between personalization and privacy concerns,
since users are not willing to share information about themselves due to concerns
about on-line privacy.
Table 2.5: Survey of privacy concerns of the on-line users in the USA
Personal Data User Tracking and Cookies
Internet users who are concerned
about the privacy or security of
their personal information on-
line: 70%
People who are concerned about
being tracked on the Internet:
62%.
People who have refused to give
personal information to a web site
at one time or another: 95%.
People who are concerned that
someone might know what web
sites they visited: 31%
Internet users who would never
provide personal information to a
web site: 27%.
Users who feel uncomfortable be-
ing tracked across multiple web
sites:91% .
Internet users who are concerned
about the privacy or security of
their personal information on-
line: 70%
Internet users who generally ac-
cept cookies: 62%.
Internet users who have supplied
false or fictitious information to
a web site when asked to regis-
ter: 40% and mostly in half of
that group would be in an experi-
ment and the likelihood of falsi-
fication was correlated with the
stated sensitivity of the item.
Internet users who set their com-
puters to reject cookies: 10%.
People who are concerned that a
business might share their data
for a purpose that is different
from the one for which they were
originally collected: 90%
-
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Personal Data User Tracking and Cookies
On-line users who believe that
sites that share personal informa-
tion with other sites invade pri-
vacy: 83%
-
Teltzrow & Kobsa (2004) argued that web personalization suffered from a few
major shortcomings in respect to user privacy in three dimensions such as: (1)
The system requires users to make privacy decisions prior to navigating with no
specific circumstances in any particular Website context; (2) The systems do not
provide adequate information about the benefit of giving information or receiving
data; and (3) The vendors do not enhance user understanding of basic privacy
settings, such as setting a cookie via browser tools. From their survey conducted
from 1999 2003, Kobsa (2007), ascertained that privacy issues were the major
concern of on-line users in the USA, as presented in Table 2.5 presented above.
To deal with privacy issues, the World Wide Web Consortium (W3C) has de-
fined the standard in its Platform for Privacy Preference Project (P3P) (http:
//www.w3c.org/p3p). P3P is designed to be integrated into Web browsers to
let users easily manage a relationship with multiple websites and identify what
types of information users are willing to share. It is the standard regulation for
the expression of user preferences and website practices, related to collecting and
exchanging user information on the website. It also stated in the standard that
user information should be presented in machine readable form, and be easy for
a browser to read and compare the preferences with user choice.
2.8.2 Usability
According to Chen & Dibb (2010) and Lee & Koubek (2010) usability refers to
the overall website layout and functionality. Therefore, in WPS, usability means
that all personalization tools and functions should have essential usability features
such as being reliable, speedy, informative and easy to use. In practical terms
that means personalized websites should be easily accessible, easy to navigate
through, be credible, and be a positive experience to a user. Research shows
that the usability of a website is critically important in the satisfaction of website
users, and it reflects the ease of navigating through a personalized website or
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making purchases through the e-commerce website that users experience (Petre
et al., 2006).
Furthermore, greater usability of personalized features increases user trust level,
offers more security, and relates to the user’s ability to learn the required functions
on a site in order to receive personalized features. Such user tasks are giving
personal information through a website, answering on-line questionnaires, and
rating a product. On the other hand, greater usability in the personalized website
offers familiarity, develops user confidence, as well as being a pleasant experience
which encourages honesty and generosity from Website users. Therefore, a user
is willing to revisit a personalized website, and more data can be captured for
analysing the user’s navigational behaviour for personalized features.
Since usability is significant in ensuring success for a personalized website, re-
search on measuring usability is devoted to user feedback and human-computer
interaction such as the reliability of a website (Nantel & Glaser, 2008; Van Iwaar-
den et al., 2003) and organization of a website, to reduce user hesitation and
confusion, and develop user skill in navigating a website (Nantel & Glaser, 2008;
Van Iwaarden et al., 2003). In terms of personalized websites, usability is im-
portant to make personalized features possible and effectively accessed by a user.
Therefore, the distinguishing quality that a personalized user experience should
have in WPS is defined by Pednault (2000) in representation aspects of person-
alization terms: (i) be simple represent only what is necessary for a user, (ii)
be flexible, (iii) have reach and be fluid, (iv) have relevant distinctions, and (v)
include both subjective and objective information.
2.8.3 Measuring Success
Measuring the success or effectiveness of WPS is important for Website devel-
opers, businesses and users, since Websites today have access to an incredible
amount of data about the visitors to their Websites, their preferences and their
site behaviours (Peyton, 2003; Shearin & Lieberman, 2001). Therefore, WPSs
need to be evaluated to encourage enterprises to access the effectiveness of a sys-
tem to optimise it capabilities based on user feedback. Vassiliou & Stamoulis
(2002) stated that measuring the success of a WPS involves ongoing data collec-
tion, analysis and reporting the effectiveness of personalized content and environ-
ments as presented in Figure 2.7
From Figure 2.7, success in personalization is evaluated by the impact of personal-
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Figure 2.7: Measuring process
Source: Adapted from Vassiliou & Stamoulis (2002)
ized initiatives on a user, and some modifications on a WPS will further improve
personalized features. It will also increase the need for evaluating the person-
alization approaches in the planning stages and data analysis infrastructure in
data collecting management (e.g. OLAP tools for analysing data). According to
Schonberg et al. (2005)), defining metrics and feedback techniques is a part of
measuring the effectiveness of a personalization web service. To execute evalua-
tion tasks it is first necessary to know what success means in relation to the goals
of the services (Bonnet, 2001; Schonberg et al., 2005). Therefore, the following
tasks need to be defined by businesses:
• Identify business objectives in terms of personalization- which should have
a leveraging effect.
• Define personalization goal space.
• Define the metrics for evaluating the success of a WPS (e.g. user experience,
content delivered).
• Identify the data that is necessary to define evaluation metrics (e.g. click
stream rates, number of users or visitors, and type of visitor being at-
tracted).
• Develop a solution which is appropriate for the specific personalization goals
to analyse user and usage data.
• Identify the source of data (e.g. Web logs and application logs).
• Deploy the solution to target the right user or visitor to a Website
• Produce metrics reports.
In conclusion, CI measures only are not enough to evaluate a WPS, since evaluat-
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ing the effectiveness of a WPS comprises multidimensional factors, for example,
user experience, and psychological and cognitive aspects. Therefore, user per-
spective measures should be included in the evaluation metrics for a unified view
of the system effectiveness from both computational and behavioural measures.
This study aims to propose a framework to evaluate user acceptance of WPS. It
is anticipated that everyone can use a proposed framework for evaluating user
acceptance of WPS, as complementary measures to computational approaches.
2.9 Research trends in Web personalization
According to Yang & Padmanabhan (2005), web personalization is widely ac-
knowledged as an effective solution to improve quality information and Website
design. Additionally, much research has been done in the algorithmic perfor-
mance stream compare to user perspective research. To provide more intelligent,
rich and effectiveness personalization features, recently different trends emerged
in Web personalization research community. The research trends are present in
Table 2.6
Table 2.6: Research Trends
Categories Description Author
Developing
technology for
improved
personalization
Relates research into
examining technolo-
gies such as dynamic
personalization and
intelligent agents in
commercial personal-
ization.
Castellano et al. (2008),
Kumar (2007)
Liu et al. (2001)
Mobasher (2007)
Human-computer
Interaction (HCI)
Examine HCI in Web
personalization and
their effectiveness.
Fan & Poole (2006)
Juhnyoung et al.
(2000)
Kramer & Vego (2000)
Lee & Tsai (2003)
Zhang & Dillon (2003)
Zhang et al. (2005)
43
Continued from the previous page
Categories Description Author
Privacy issues Focuses on privacy is-
sues related to de-
manding more person-
alized features from
users.
Chellapa & Sin (2005)
Kobsa (2007)
Stewart & Segars
(2002)
Semantic web
personalization
Captures more com-
plex relationships and
patterns at a deeper
semantic level from
domain ontology.
Berendt et al. (2001)
Dai & Mobasher
(2005)
User Markup Language Focuses on modelling
users by employ-
ing User Markup
Language (UserML).
Heckmann et al.
(2005)
Cross-system
personalization
Focuses on user refer-
ences and personal in-
formation representa-
tion across user and
personalized services.
Mehta et al. (2005)
Dolog et al. (2004)
Thomson (2005)
Yang & Chung (2006)
From Table 2.6, research trends in Web personalization can be classified into six
categories. Firstly, they continue to examine technologies, but concentrate on
those which highlight their commercial potential through the use of dynamic per-
sonalization and the use of intelligent agents for delivering personalized features
to users. Most of the studies in this trend are producing analytical knowledge
and operational knowledge using computational intelligence approaches.
The second trend is towards HCI studies which pertain to the interaction between
user and WPS. Its focus is on the effectiveness, adoption, and evaluation of WPS
related to personalized design, particularly, user interaction on a website, i.e.
user interface. Most of the studies are in marketing, e-commerce and Information
Systems.
The third trend concerns privacy issues in WPS. Research in this trend addresses
privacy infringements and the approach that businesses adopt when using user
information for providing personalized features in e-commerce and government
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websites. The next trend focuses on semantic web, which concerns the provision of
a more flexible, integrated, self-adapting service which provides a richer and more
interactive personalized experience to web users. This research trend has grown
enormously and its focus is on the integration of deeper semantic knowledge
from domain ontology (Dai & Mobasher, 2005), that leads to various research
perspectives (Dolog et al., 2004). It focuses on approaches to automatically or
semi-automatically extract objects and ontology from web documents using web
mining techniques such as text classification.
User markup language (UserML) is the fifth trend which focuses on user modelling
and its presentation. UserML is based on specification of XML/RDF. Further-
more, Heckmann et al. (2005) developed Web ontology language (OWL) as an
ontology language to represent user model terms and their relationships.
The final research trend in the field of web personalization is focusing on cross-
system personalization. This trend emerged from the main drawbacks of per-
sonalization; the tendency to limitation in the representation of individual user
information and preferences. This situation occurs particularly in a given user’s
interactions and operations in a different WPS. Most of the studies in this trend
suggested that the approaches to represent user profiles for web personalization
available across boundaries between the user and the services (Stewart & Segars,
2002). For example, describing user profiles in Extensional Markup Language
(XML) and Resource Description Framework (RDF) as well as privacy prefer-
ences (P3P).
2.10 Research Gaps
Excessive information presented to Web users creates information overload prob-
lem, due to the large amounts of information available online. Web personaliza-
tion offers the solution for presenting information tailor to user preferences and
interests. Consequently, a number of WPSs have developed, and many CI meth-
ods used to measure the success of a WPS through precision, speed and accuracy
of the systems. Previous research has focused on proposing and using computa-
tional metrics for evaluating a WPS, which related to developing technology for
improving personalized information to a user, based on algorithmic performance
(AP).
Through literature, CI metrics are found not sufficient to measures user accep-
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tance or success of a WPS. User perspectives essential to support the measures.
For instance, social influences are one of the significant factors, which are unfit
to measure using CI metrics, but user acceptance does. Due the fact, ’social-
ize’ factors found to make news and articles, circulated via social network. The
increasing number of users on the social network websites revealed that sharing
and collaborating news and articles within users are crucial.
To the best of my knowledge, there is no research done in evaluating user ac-
ceptance of a WPS from a user perspective, and bridge the measures of user
acceptance from user perspectives and CI metrics. The present research tries
to evaluate user acceptance of a WPS from a user perception standpoint, based
on technology acceptance theories from IS studies. Some personalized websites
are selected as a subject of this study and intensive review on theoretical mod-
els of technology acceptance will be carried out, to formulate a user acceptance
model. The present research will evaluate the user perceptions towards their
experience in a WPS, based on measures developed and operational through a
survey questionnaire. The partial least squares-path modelling (PLS-PM) is used
for validating the model.
2.11 Chapter summary
In this chapter, web personalization has been introduced including some defini-
tions, applications and views from several domains. The main findings highlighted
in this chapter are the definitions of web personalization from many perspec-
tives such as providing contents and services to users, the use of technology to
tailor e-commerce interaction, computational intelligence and automatic adjust-
ment, capacity to customize communication, building customer loyalty in B2C
and marketing, and human-computer interaction (HCI). Some brief explanations
of personalized features in the websites selected as the subject for this research
is presented, in order to define a WPS. This chapter differentiates between per-
sonalized and non-personalized websites.
Furthermore, a generic model for the personalization process has been proposed,
a brief explanation of some issues and challenges in WPS has been given, as
well as some research trends. Some issues such as privacy, usability and success
measurement have been briefly described. Privacy issues on personalized websites
are very concerning to users, and these will influence how they accept a WPS,
since users are not really sharing their information. Moreover, usability which
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is reflected in website reliability is one of the issues to ensure the success of
a WPS, whereas the measurement of the success of a WPS is important for
developers, businesses and users. Hence, based on the issues discussed pertaining
to personalization, success measurement has been chosen as the study context,
with further explanation given in the next chapter.
Chapter 3
MEASURING SUCCESS IN WEB
PERSONALIZATION
3.1 Chapter Introduction
The previous chapter introduced the measurement of success as a significant is-
sue in WPSs. This chapter will elaborate on measuring success, its significance,
and performance evaluation metrics from both the viewpoint of Computational
Intelligence (CI) and Information System (IS). The organization of this chapter
is as follows; the next section introduces the significance of measuring success
from the point of user and vendors. It is followed by a brief discussion of per-
formance evaluation techniques in CI. Furthermore, the concept of measuring
success in technology acceptance is described in two ways, user acceptance and
user satisfaction.
3.2 Measuring success in Web personalization
Success in web personalization has become an important issue due to the perva-
siveness of e-commerce applications (Goy et al., 2007; Yu, 1999). However, there
are different interpretations of success because various parties involved in WPS.
System developers, investors, website owners and the end users are the parties
involved in WPS implementation. The significance of measuring the success of a
WPS can be described in Figure 3.1.
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Figure 3.1: Significance of Measuring Success
From Figure 3.1, the significance of measuring the success of Web personalization
is shared with the determinants of success or effectiveness of the system which
are proposed in three components:
3.2.1 The ability to deliver personalized features in the website
The ability to deliver personalized features is one of the most important aspects
to determine whether or not enterprises implement the WPS (Greer & Murtaza,
2003). The ability of a WPS to cater for personalized features depends on the
personalization goal. For example, very sophisticated features will lead the more
effective personalization agent for processing and delivering the contents or prod-
ucts to suit user preferences from user profiles, explicitly and implicitly. In terms
of cost, it will drag more cost that needs to be allocated by the website owner to
enhance personalized features and providing a service to their users.
Therefore, measuring success is important in informing enterprises of the effec-
tiveness of the WPS and the cost benefits analysis to enterprises. Success of a
WPS can be judged whether it enables the attraction of new customers, turns
a visitor to a buyer, and potentially attracts a large customer. For example,
in personalized advertising delivery, the right customer should receive the right
advertising at the right time and in the right context (Kazienko & Adamski,
2007).
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Many studies have been conducted from CI views on measuring personalized
features. Research shows that CI paradigms reveal potential tools to face uncer-
tainty of web environment, as well as the dynamic and robust Web data. This
CI tool is capable to handle Web usage data and develop Web-based applications
tailored to user preferences (Castellano et al., 2008, 2009)
3.2.2 The competitiveness of Website providers
Measuring success in Web personalization, particularly in most e-commerce Web-
sites is significant since it reflects the competitiveness of the enterprises or Website
providers. Generally, e-commerce focused mainly on the sale of goods, but with
the advent of Web technology, it has expanded to deal with all aspects of business
interaction, at the individual and enterprise level.
In terms of economics and cost benefit analysis, the more competitive the market
structure, the more complicated the decision of whether or not to implement a
personalization strategy, or proceed with the current personalization strategy on
the Website. If the personalization strategy is not successful than the enterprises
could suffer severe damage or have a negative value of the return of investment
(ROI) on personalization.
Much research has been done in relation to enterprise competitiveness toward
WPS strategy such as recommendations of products that match user preferences
(Nunes & Kambil, 2001); effectiveness of personalized services (Risch, D. & Leim-
stoll, 2006); and behaviour of shoppers on e-commerce websites (Freedman, 2007;
Hanna, 2001; Kobsa, 2007).
3.2.3 The acceptance and use of Web personalization
Acceptance refers to how users accept and favour the personalization features
through personalization systems. The acceptance of a WPS by the user is needed
to be measured, since it indicates to what extent WPS is used and is continuing
to be used by the user. Although this measure is important, it is a difficult aspect
to measure, because it is influenced by various factors such as customer usage,
customer skills, ease of use of the systems as well as usefulness of the systems.
Measuring success based on the acceptance aspects relates to user satisfaction of
the systems. These measurements success have been done in various IS researches
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such as Enterprise Resources Planning (ERP) and Customer Relationship Man-
agement CRM) which considers that success is viewed by the amount of user
feedback that is reflected by the system (Pries-Heje et al., 2008). Therefore, in
the present study user acceptance measures are derived from personalization is-
sues and problems, which is simplified in the web personalization quality model
in Figure 5.4. This model is based on the quality that is supposed to exist in
WPS, to ensure that information presented to users is closer to user preferences
and interests, and is given in a timely manner.
3.3 Measuring success using computational intelligence (CI)
metrics
Evaluation is very significant in terms of knowledge data discovery (KDD) as well
as in Web mining for personalization (Berendt & Spiliopoulou, 2000; Gena, 2005;
Ramakrishnan & Perugini, 2005; Yang & Padmanabhan, 2005). This section
presents the evaluation metrics from the Algorithmic performance (AP) side.
These metrics evaluates mainly what is the quality of personalized information
presented by the WPS and the time complexity, space complexity, and sparce
complexity of the underlying WPS.
Measuring success in Web personalization on the coin of AP is in demand today
for structuring on-line interaction with customers, particularly on e-commerce
websites (Yang & Padmanabhan, 2005). There are three factors that enabled
and contributed to the needs of success measure of personalization systems in
e-commerce such as: (1) extremely large amounts of user behaviour data tracked
at the on-line site, (2) the availability of powerful personalization techniques in
commercial Customer Relationship Management (CRM) systems, and (3) the
ease of implementing interaction strategies on the Web.
To predict effectiveness of a personalization system is a difficult task (Valesquez
& Palade, 2008), since the system does not know in advance a priori where infor-
mation will be received by the user. In fact, only an approximation of the type
of users who could be used through the system to predict the effectiveness of the
system, as well as the only real test will be possible to be performed after real
users received and evaluated information hint (Ha, 2004).
Furthermore, computerized personalization revealed that matching user data and
user behaviour could predict user needs, which would indicate that the personal-
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ization system was successful. For example, data mining techniques (e.g. pattern
extraction) have shown a certain effectiveness in the understanding of user de-
sires and needs, by rendering insight into the personal needs of individual users
(Meuter et al., 2000)
3.3.1 Performance evaluation metrics
This section presents the metric used in CI research for measuring success. Most
researchers presented their results to show effectiveness of the computational pro-
cesses based on two perspectives: (1) precision, and (2) recall. These two metrics
demonstrated mathematical proof of the effectiveness of approaches for match-
ing user behaviour with recommendations based on certain algorithms in web
personalization and they have been widely used as measures of effectiveness.
These two metrics showed mathematically and proven the effectiveness approaches
for matching recommendations, user behaviour based on certain algorithms in web
personalization and has been widely used as measures of effectiveness (Pennock,
David et al., 2000; Sarwar et al., 2001). In a recommender system, a possible
measure of efficiency is the time taken by the system to produce online recom-
mendations. Such algorithms are from several areas of CI, for instance, neural
computing (NC), fuzzy logic (FL), recommander systems (RC), and hybrid tech-
niques (Castellano et al., 2008).
Furthermore, Vozalis & Margaritis (2007) and (Prangl, 2007) classified metrics of
evaluation into two categories: (1) evaluation metrics that refer to the merits and
faults of the output presented, and (2) metrics that evaluate the performance of
recommender systems in terms of time and space requirements. Figure 3.2, shows
various evaluation metrics for evaluating recommender systems performance and
effectiveness, which include statistics, response time and computational effective-
ness.
As presented in Figure 3.2, evaluation metrics are divided into three categories:
(1) prediction quality, (2) recommendation quality, and (3) evaluating perfor-
mance, as detailed below:
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Figure 3.2: Evaluation Metrics
Source : Adapted from Vozalis & Margaritis (2007)
3.3.1.1 Prediction quality
Prediction quality is a numerical value which according to a recommender sys-
tem corresponds to the rating, active user, which evaluates in two dimensions:
accuracy and coverage. Firstly, the measuring technique for system accuracy can
be measured in different approaches. Cooley et al. (1997) suggested that there
are two approaches that can be used to measure the system as follows:
Statistical accuracy metrics - Measures how close is the numerical value which
is generated by the system and represents the expected rating of user (ui ) on
item (ij ), to the actual numerical rating (ui ). One of the prominent statistical
accuracy being used is the Mean absolute error (MAE). MAE measures the
deviation of prediction generated by the system from true rating values, specified
by the user, defined by the formula:
MAE =
∑n1
j=1[arij−rij ]
x
(3.1)
From this formula, rij are the prediction generated for items, aij is the actual
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rating from the user, for j = 1, 2, 3,. . . , n and are a count of the items. Then
the MAE for user (ui ) is computed by summation of absolute error of the items
(ni), corresponding to the actual ratings-prediction pairs and then computing the
average. Lower MAE values indicate that recommender systems predict more
accurate user ratings.
Coverage - Another prediction quality metrics is coverage. Coverage is measur-
ing the percentage of items for which a filtering algorithm can provide predictions
given by the formula:
coverage =
∑
npi∑
ni
(3.2)
Given that ni are the items for which user ui has given a rating, and npi is the
number of generating prediction, where npi ≤ ni. A low coverage value indicates
that the system will not be able to assist a user with many of the items that
cannot be rated, and a high coverage value indicates the system will be able to
provide adequate help in the selection of items.
3.3.1.2 Recommendation quality
This metric, is used particularly for top-N Recommendation, where the system
list is of N items that are expected to be the user’s interests. The most common
metrics used for top-N recommendation are: (i) recall, and (ii) precision.
Recall - In terms of information retrieval, recall is the percentage of documents
that are relevant to the query that is successfully retrieved by a user. For example,
given a set of documents, recall is the correct result divided by the number of
results that are supposed to be returned by a system. The correct results based
on search information via keyword by a user is the number of relevant documents
compared to the number of retrieved documents. This can be shown by the
formula below:
recall = | {relevant− document} ∩ {retrieved− document} || {relevant− documents} | (3.3)
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In other words, recall is also known as sensitivity that can be measured via
probability that relevant document is retrieved by a user’s query, or
recall = true− positive(TP )
true− positive(TP ) + true− negative(TN) (3.4)
Precision - Precision is the percentage of retrieved documents that are relevant
to the query. In other words, high precision means that information returned to
a users based on user queries was a relevant results, which can be elaborated via
formula:
precision = | {relevant− documents} ∩ {retrieved− documents} || {retrieved− document} | (3.5)
In other literatures, Berendt et al. (2001), Dai & Mobasher (2005) and Srivastava
et al. (2000) stated that precision refers to the degree of accuracy of the selection
process; it is measured as the ratio between the user-relevant contents and the
contents presented to the user by the formula:
precision = true− positive(TP )
true− positive(TP ) + false− positive(FP ) (3.6)
From the above equation, the proposed system can also be evaluated by true
positive (TP), false positive (FP) and false negative (FN). TP refers to the number
of relevant contents that the system proposes to users. FP is the contents that
have been suggested, but they do not like, and FN is the content that has not
been suggested to users, but they do probably like. According to Berendt &
Spiliopoulou (2000), precision shows how accurate the system is, and shows how
comprehensive it is in finding valuable information. The proposed evaluation
methods described above are useful because in web mining for personalization,
tasks covered these objectives (Yang & Padmanabhan, 2005), so that the patterns
(results) acquired with a web mining algorithm solve a particular problem.
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3.3.1.3 Evaluating performance
This metrics refers directly to the performance of the system, which relates to
the time and storage requirement of the recommendation system. Performance
of the system can be evaluated by three metrics: (1) response time, (2) storage
requirement, and (3) computational complexity.
Response time - response time is widely used as performance metric, it is
defined as the time that elapses between a user’s stated request and the system’s
response to the request.
Storage requirement - storage requirement is measured by checking the mem-
ory requirement, which represents the online space user requirement, and oﬄine
space usage of the system which refers to secondary storage.
Computational complexity - Refers to most filtering algorithms that can be
divided into two steps: (1) model building steps (oﬄine), and (2) execution steps
(online). The complexity of computations denoted by the pre-processing, repre-
sentation, similarity calculation, and neighbourhood calculation for oﬄine, and
prediction for online.
3.4 Measuring success from user perspectives
This section demonstrates the concept of measuring user acceptance. The imple-
menters of the system need to measure how effective the system is or how well
the user trusts it and how effectively the user uses it. Therefore, measuring suc-
cess, whether by comparing current system performance to the previous one or
by obtaining statistics about effectiveness of the system is a well known practice
in organizations and enterprises.
Based on the IS research, which consists of people, technologies and work systems
(Hevner et al., 2004), the organizational design and web personalization activities
in businesses is depicted in Figure 3.3.
Figure 3.3 illustrates the essential elements and alignments between business and
Web personalization strategies and between enterprises and Web personalization
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Figure 3.3: Enterprises and Web personalization design activities-
Source : Adapted from Hevner et al. (2004)
infrastructures (Henderson & Venkatraman, 1993), which can be adapted in Web
personalization success strategy. In this case, Web personalization strategies must
align with business strategies as are described here:
1. A type of metrics data can be collected before and after implementation of
Web personalization, but the method of data collection should be changed
pursuant to personalization.
2. Determinants of success and failure in the implementation of Web person-
alization, such as failures, need to be eliminated before they worsen. On
the other hand, success can be used to drive further financial allocation for
efficient personalized agents. To achieve effective personalization, organiza-
tions must rely on available data, including the usage and click streams that
reflect user behaviour, the site contents, structure, domain knowledge, and
demographic and profile data. Therefore, such efficient and intelligent tech-
niques of Web personalization which align with business needs are possible
via some strategies such as the following:
• The personalized agent able to detect first-time website visitors brows-
ing through the website opening page (homepage). These visitors will be
prompted for their email address and given an opportunity to register for
the Website/portal.
• The personalized agent intelligently able to detect returning visitors and
recommend contents and products.
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• When a known visitor submits a rating or completes the online form, ad-
ditional profile information will be collected. Known attributes (name, ad-
dress, email address) will be ascertained from the profile.
• All visitor profile information collected will be stored in an internally acces-
sible database and used by the personalized agent to recommend contents
or products, which are then tailored to user preferences. Furthermore, the
studies on how a user accepts WPS is paramount in IS research and involves
several perspectives such as human computer interaction (HCI) (Tam & Ho.,
2006), user experience (Novak et al., 2000), website usability (Agarwal &
Venkatesh, 2002; Palmer, 2003) and product marketing (Murthi & Sarkar,
2003).
In the next section, the two concepts of success related to IS, user satisfaction
and user acceptance of technology will be further discussed.
3.5 User satisfaction versus user acceptance
This section describes two aspects of measuring systems from user perspective:
user satisfaction and user acceptance.
3.5.1 User satisfaction (US)
In most IS research, satisfaction is reflected in the systems that fulfill user ex-
pectations, for example how good the systems are, and how good the user feels
about the systems. These are facilitated by a psychological paradigm where a
users give feedback about their perceptions of the systems, which could be nega-
tive or indicate a lack of trust of the systems. However, it is an abstract concept
and depends on various factors. Hence, in terms of WPS, user attitudes toward
the systems have an impact on satisfaction.
In measuring satisfaction, the main issue is how satisfaction should be measured.
For example, the IS-success model (DeLone & McLean, 1992) suggested that user
attitudes toward computers should be measured, since they have an impact on
satisfaction where satisfaction depends on the actual use of the system (USE),
and is derived from information quality (IQ) and system quality (SQ). Finally,
the IS-success model shows that user satisfaction information is a very widely
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used measure of IS success. Furthermore, in WPS, information is provided by
the system based on user information that was recorded and extracted in user
profiles, whether implicitly or explicitly. In terms of IQ, it is important to as-
certain if the personalized information really reflects user needs and is tailored
to user preferences. If users are satisfied with the quality of information, then it
should be concluded that there is a positive impact on satisfaction, which leads
to acceptance.
Measures of SQ typically focus on performance characteristics of the system. For
example, resource utilization and investment utilization (Kriebel & Artur, 1980),
hardware utilization efficiency, reliability, response time, ease of terminal use,
content of the database, aggregation of details, human factors, and system accu-
racy. Hamilton and Chervany’s list of system quality measures are probably the
most well known: data currency, response time, turnaround time, data accuracy,
reliability, completeness, system flexibility and ease of use. Seddon et al. (1999)
considers system quality to be concerned with "bugs" in the system (system relia-
bility), user interface consistency, ease of use, documentation quality, and quality
and maintainability of the programme code.
In addition, Wixom & Todd (2005), found that user satisfaction literature ex-
plicitly enumerates system and information design attributes (e.g. information
accuracy and system reliability), which form a potential useful diagnostic for sys-
tem design. However, the researchers, Davis (1989) and Goodhue et al. (2007)
found that satisfaction is a weak predictor of system usage. According to Ajzen &
Fishbein (2005), these conditions are resulted from the fact that beliefs and atti-
tudes about the object (e.g. systems) are generally poor predictors of behaviour,
(e.g system usage).
3.5.2 User acceptance (UA)
The acceptance of the system may be reflected in the level of user satisfaction,
and it is also reflected in about the level of user belief in the system’s capabilities
to handle the user task ahead. Therefore, the acceptance will have two results;
if the user has a positive belief (e.g. time and effort) then, there is acceptance.
In contrast, if the user has a negative belief, there is a rejection. In WPS, in-
formation quality will have a positive effect on the perceived usefulness of the
system and enjoyment. Davis (1989), suggested that the better the information
quality, the better the user’s job performance. Dillon & Morris (1996) defined
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that user acceptance as “the demonstrable willingness within a user group to
employ information technology for the task it is designed to support”. From this
definition, the acceptance will not occur until a user provides evidence of the use
of technology.
However, in terms of human factors that concern interface design of the system,
which is prevailing in human-computer interaction (HCI) researches, the accep-
tance is concentrated heavily on the concept of usability. HCI researches are
based on the assumption that the more usable a technology is made, the greater
its chances of proving acceptable to users (Dillon & Morris, 1996; Zhang & Dillon,
2003).
Additionally, acceptance of the technology is rooted in self-efficacy theory (Ban-
dura, 1986, 1995, 2010). Self-efficacy (SE) is defined as “people’s judgments of
their capabilities to organise and execute courses of action required attaining de-
signed types of performance”. From this definition, in personalized services, there
are two aspects: user belief in their skills in acquiring information, giving infor-
mation, and navigating personalized websites, and user’s belief about their skills
to cope with the tasks ahead. Research shows that users believing in the systems
themselves could lead the acceptance, and reinforcing the SE of users could save
time, effort and money. These could have a positive impact on acceptance due
to users feeling more comfortable with using the system (Venkatesh & Ramesh,
2006).
According to Wixom & Todd (2005), in contrast to satisfaction, acceptance lit-
erature e.g. Technology Acceptance Model (TAM), provides good prediction of
usage by linking behaviours to attitudes and beliefs (ease of use and usefulness),
that are consistent in time, target, and context with behaviour of interest (e.g.
system usage). Generally, the relationship between acceptance and satisfaction
can be summarized as shown in Table 3.1 .
3.5.3 Acceptance related research on website and personalized websites
This section briefly discusses some studies that utilized user acceptance theories
in the web quality and web personalization areas.
Mobile website - Tam & Ho (2005) examined three major concepts in person-
alization strategy: level of preference matching, recommendation set size, and
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Table 3.1: The relationship between US and UA
User Satisfaction User Acceptance
Variables
• Object-based beliefs
(e.g. system quality
and Information
quality
• Object-based
attitudes (e.g. system
satisfaction and
information
satisfaction)
• Behavioural beliefs
(e.g. Usefulness and
Ease of use
• Behavioural attitude
Antecedents
• System quality
• Reliability
• Flexibility
• Integration
• Accessibility
• Timeliness
• Information quality
• Completeness
• Accuracy
Resulted from user satisfac-
tion. For example, useful-
ness, ease of use, facilitating
tools, and efficiency.
sorting cue, using the elaboration likelihood model (ELM). This study also in-
vestigated personal disposition and the need for recognition, which played a role
in personalization effectiveness on a website that provided mobile phone ring
tones for downloading. Ho et al. (2008) investigated three personality traits of
users from marketing research: need for cognition, variety seeking, and need for
uniqueness, and they explored these behaviours in relation to transaction-driven
personalization. This study also employed experiments on a ring tone download
website.
E-commerce website - Ho & Tam (2005) proposed a model for investigat-
ing how user web experiences and their perceptions of personalization influence
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their attitudes towards switching to a personalized website. Tam & Ho (2003)
investigated how personalization strategy can motivate users to consider agent-
recommended items, particularly for free downloadable items, on the personalized
website close community. Komiakk and Benbasat (2006) examined trust-centered,
cognitive and emotional balance on adoption of recommendation agents. This
study employed experiments with online shopping recommender agents.
Enterprise portal and community website - Henriksen & Pederson (2009) in-
vestigated the effect of personalization on end-users using a combination of the
technology acceptance model (TAM) and the theory of planned behaviour (TPB)
using enterprise portal users in Sweden. Henriksen & Pederson (2009) presented
a conceptual model corresponding to technology acceptance hypotheses. Using
TAM constructs i.e perceived ease of use (PEOU) and perceived usefulness (PU)
with TPB constructs i.e. subjective norm (SN) and perceived behavioral control
(PBC) for personalization as IT artifact. Nysveen & Pedersen (2002) devel-
oped and proposed a specific website for personalized service and community,
for investigating how interactive applications (e.g. personalization and Website
community) influenced by a user’s Internet experience. Both TAM and TPB will
be further described in Chapter 4.
Laboratory experiment - Tam & Ho. (2006) employed laboratory experiments
and a field study in product selection, random browsing and product browsing, for
investigating and understanding the impact of personalization on user information
processing and decision outcomes. The proposed model has been developed and
empirically tested. Fan & Deng (2008) developed and validated a measure of web
personalization strategies by using video clips to capture personalizing services
of the actual commercial websites as experiment stimuli. From findings of this
study, they developed the construct measures for personalization strategy and
validating it based on four archetypes (i.e. social, commercial, architectural, and
instrumental). Liang et al. (2009) proposed the relationship building perspective
in investigating the effectiveness of personalization, which treats intimate experi-
ence resulting from a personalized response as an important factor in affecting the
receivers attitude towards the personalized recommendation. Data was gathered
from laboratory experiments and a personalized email.
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3.6 Discussion and implications
To the best of our knowledge, through literature from both CI and IS measures,
the link between CI and IS for measuring WPSs has not been done. Measuring
acceptance of WPSs or personalized services are very common in e-commerce,
marketing, personality traits studies and other studies of user behaviour on the
Internet. However, these kinds of studies are individual and not embedded in
the main objective of personalization research, that based on the information
overload problem.
3.7 Chapter conclusions
The significance of measuring success in a WPS has been described from three
dimensions, i.e. from the ability of the system, the competitiveness of providers,
and the acceptance of the users. From these dimensions, measuring the success
from user acceptance will be chosen as measures of how a user accepts or rejects
a WPS. Furthermore, measuring success of a WPS from both CI metrics and
user perspective has been described, in order to provide a clear picture of the
relationship between CI metrics and user acceptance measures. Some related
studies in websites and personalized websites are briefly described. The main
finding in this chapter is the significance of measuring the success of a WPS from
both the CI and user perspective. From this finding, the both techniques will be
compared in the next chapter, as well as draw a conclusion to the study which
bridges both measures. This chapter provides some techniques on how to measure
success and effectiveness in WPS from CI. As a useful comparison, user acceptance
and satisfaction with technology have been described. Some preliminary factors
for defining how a user accepts technology were elaborated. These factors will be
investigated further through the theoretical models of acceptance technology in
the next chapter.
In conclusion, this chapter suggested that the significance of measuring the suc-
cess of a WPS can be viewed in three dimensions; system, providers, and users.
System and providers are related to the effectiveness of personalized services on
the web by providing information that is tailored to user preferences, as well as
by determining providers capabilities and competitiveness in their investment in
personalized services. In the user dimension, measuring success is significantly
based on whether a user accepts or rejects a WPS. By bridging the CI concept
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and IS viewing in measuring the success of a WPS, the comparison from both
CI metrics and acceptance measures can be further investigated. Additionally,
CI metrics and user acceptance measures have been presented. This provides
a clear view of measuring the success of a WPS, from both CI and technology
acceptance, in order to develop a research model based on the outlined research
questions in Chapter 1. The next chapter will review theoretical models of ac-
ceptance technology in IS studies, in order to support the formulation of a user
acceptance model of a WPS.
Chapter 4
THEORETICAL MODELS OF TECHNOLOGY
ACCEPTANCE
4.1 Chapter Introduction
The previous chapter discussed and introduced measuring the concept of “suc-
cess” in WPSs. This chapter focuses on acceptance of technology and theoretical
underpinnings regarding user acceptance. Information Systems (IS) studies are
about investigating, explaining and predicting user behaviour and interaction
with the IS across many domains, using theoretical models. The main objective
of this study is investigating and examining what hinders usage and intention to
use web personalization systems (WPS). Several theoretical models from the pre-
vious work in technology acceptance, which has various premises and advantages,
are significant to provide a theoretical framework for proposing a research model
for this study.
In this regards, this chapter presents the theoretical models developed in various
disciplines and used for predicting, explaining, and understanding individuals’
acceptance and adoption of new products or technologies. The aims of this chap-
ter are to map the previous foundation acceptance models with the proposed
research model in Figure 5.5. Therefore, it reviews literature in technology accep-
tance research, from nine prominent models in accordance with the first research
objective in the Chapter 1. These models are: (1) Social Cognitive Theory (SCT);
(2) Innovation Diffusion Theory (IDT); (3) Theory of Reasoned Action (TRA);
(4) Theory of Planned Behaviour (TPB); (5) Decomposed Theory of Planned Be-
haviour (DTPB); (6) Technology Acceptance Model (TAM); (7) Technology Ac-
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ceptance Model2 (TAM2); (8) Combined TAM and TPB (C-TAM-TPB); and (9)
Unified Theory of Acceptance and Use of Technology (UTAUT). Additionally, the
applications of some theories in related to WPS research are presented to explore
how those theories can be applied in WPS acceptance.
4.2 Theoretical models
Over the past four decades, one of the most well-established streams in IS re-
search has focused on the factors that influences individual user acceptance of
technology (e.g. IT, systems, or software). This is in accordance with the in-
creasing investments in new technologies. As a result, theoretical models to
define user acceptance have been proposed, tested, refined, extended and uni-
fied (Sun & Zhang, 2006). During the studies, researchers sought to clarify the
factors that contributed to the success and failure of a system. Due to the com-
plex individual, technical and social-organizational interplay between “user” and
“technology”, technology acceptance research has been intensely impacted by the
theories of individual, human and social behaviour (Wills et al., 2008), emerging
from various disciplines such as psychology, sociology and information technology
(IT).
Studies in the IS area are interested in theoretical models, which aim for graphical
representation to explain the relationship between variables based on some theo-
ries. IS researchers used theoretical models to explain the factors involved in user
acceptance of new technology based on psychological and computer paradigms.
These models involve the extension and decomposition from one theory to an-
other. For example, the Theory of Reasoned Action, TRA (Ajzen & Fishbein,
1980), originated from psychological researches, which were extended to the The-
ory of Planned Behaviour, TPB (Ajzen, 2002), then to the Decomposed Theory
of Planned Behaviour, DTPB (Taylor & Todd, 1995b).
In addition, IS contributed to the Technology Acceptance Model, TAM (Davis,
1989), which is an extension of TRA. It was extended to the TAM2 (Venkatesh &
Davis, 2000) and finally the Unified Theory of Acceptance and Use of Technology,
UTAUT (Venkatesh et al., 2003). The UTAUT is an accumulation of other
models, such as the Diffusion of innovations, DOI (Rogers, 1995), the Social
Cognitive Theory, SCT (Bandura, 1986), the Motivational Model, MM (Deci &
Ryan, 1985) , and the Model of PC Utilization, MPCU (Triandis, 2002).
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Figure 4.1: Theoretical models of acceptance of technology
Source: Adapted from Amin (2010)
Figure 4.1 summarized some theoretical models from psychological and IS studies.
These models will be discussed in this chapter . From Figure 4.1, it can be seen
that, IS researchers have developed several models to define how people adopt a
new technology. There are two streams of study: (1) the first stream focuses on an
individual’s acceptance, and (2) the second stream pertains to the organizational
level; “success” and “impact”. IS research discipline has rigorous theoretical
models that defined the antecedents of acceptance technology from a psychological
standpoint and IS. Measuring acceptance has origins in psychological factors and
the IS itself.
4.2.1 Psychological
From Figure 4.1, It can be seen that, there are two theoretical models which are
extensively used to define technology acceptance and satisfaction in psychological
studies (related to human behaviour: accept and reject a technology). These
models are: (1) the theory of reasoned action (TRA)(Ajzen & Fishbein, 1973)
and (2) theory of planned behaviour (TPB) (Ajzen & Fishbein, 1973). TRA is the
most fundamental and influential theories of human behaviour, and it has been
used to predict a wide range of behaviour. Davis et al. (1989) constructed TAM
from TRA, as individual acceptance of technology and found that the explanation
67
power for predicting user intention in the use of technology is consistent with
studies that had employed TRA in the context of other behaviour. TAM was
considered the most influential and the most commonly employed for describing
the individual’s acceptance of IS (Lee et al., 2005).
TAM assumes that an individual’s acceptance of technology is defined by two
major variables: perceived usefulness and perceived ease of use. Secondly, TPB
is utilized to explore the determinants of individual acceptance and usage in many
technologies (Venkatesh et al., 2003). The core constructs of TPB are attitude
toward behaviour, subjective norm, and perceived behavioural control. These
constructs defined how easy or difficult it was for users to perform (i.e. use and
accept a new technology).
4.2.2 Information systems
In addition to a psychological approach, several theoretical models have been
developed and used to define the acceptance such as: (1) the Social Cognitive
Theory (SCT), (2) the Motivational Model (MM), (3) the technology acceptance
model (TAM), (4) the Model of PC Utilization (MPCU), (5) the Diffusion of In-
novation (DOI), and (6) the Unified Theory of Acceptance and Use of Technology
(UTAUT). Table 4.1 summarized those theoretical models as below:
Table 4.1: Comparison of the theoretical models
Theories/Model Descriptions Seminal Authors
Motivational Model (MM) Demonstrates the general
motivation theory, extrin-
sic and intrinsic motivation,
are antecedent of human
behaviours towards technol-
ogy.
Vallerand (1997)
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Continued from previous page
Theories/Model Descriptions Seminal Authors
Social Cognitive Theory
(SCT)
The most powerful theory
of human behaviour. It
defines by an outcome
expectations-performance,
outcome expectations-
personal, self-efficacy,
effect, and anxiety.
Bandura (1986)
Technology acceptance
model (TAM)
Powerful model for describ-
ing and predicting accep-
tance of new technology,
and the model that tailored
to IS context, which defined
user acceptance through to
indicator: perceived useful-
ness (PU), and perceived
ease of use (PEOU) of the
technology.
Davis (1989)
Model of PC Utilization
(MPCU)
Developed and used to
predict personal computers
(PC) utilization. Defined
by variables: job-fit, com-
plexity, long-term conse-
quences, affect toward use,
social factors, and facilitat-
ing conditions.
Triandis (2002)
Diffusion of Innovation
(DOI)
This moodel has rooted
from psychology and has
been used to study a variety
of innovations, ranging from
agricultural tools to organi-
zational innovations.
(Rogers, 1995)
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Theories/Model Descriptions Seminal Authors
Social Cognitive Theory
(SCT)
The most powerful theory
of human behaviour. It
defines by an outcome
expectations-performance,
outcome expectations-
personal, self-efficacy,
effect, and anxiety.
Bandura (1986)
Unified Theory of Accep-
tance and Use of Technol-
ogy (UTAUT).
It is the latest theoretical
model that is formulated
from the above theoretical
models as the unified view
for better explains user ac-
ceptance and usage of new
technology. It has four
variables: performance ex-
pectancy, effort expectancy,
social influence, and facili-
tating conditions. Gender,
age, experience, and volun-
taries of use are specified as
moderators.
Venkatesh et al.
(2003)
Source : Adapted from Venkatesh et al. (2003)
Additionally, the IS-success model (DeLone & McLean, 1992, 2002, 2003) and the
IS-impact model Gable et al. (2008) was developed to understand and explain
the determining factors of user acceptance in organizational settings.
IS-success model- The Information Systems success model (IS-success), which
investigates the possibility of using the IS-success model (DeLone & McLean,
1992, 2002, 2003) to present the model of Web personalization success. The IS-
success model was the comprehensive IS success model for measuring IS-impact
and has been introduced by DeLone & McLean (1992), as a foundation framework
with complex-dependent variables in IS research. The model shows an interre-
lationship between six IS success variable categories namely: (1) system quality,
(2) information quality, (3) IS use, (4) user satisfaction, (5) individual impact,
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and (6) organization impact. Figure 4.2 shows the DeLone & McLean IS success
model.
Figure 4.2: DeLone & McLean IS Success Model
Source: Adapted from DeLone & McLean (1992, 2003)
IS-Impact model - IS-impact model includes 27 measurements distributed across
four distinct dimensions, namely: system quality (SQ), information quality (IQ),
individual impact (II) and organisation impact (OI). Furthermore, according to
Gable et al. (2008), ‘the IS-impact model is a holistic index representing the
stream of net benefits; the ‘impact’ half measuring net benefits to date, while the
‘quality’ half, forms our ‘best’ proxy measure of probable future impacts, with
‘impacts’ being the common denominator’. This is depicted in Figure 4.3.
According to Gable et al. (2008), IS-impact is ‘a measure at a point in time, of the
stream of net benefits from the IS, to date and anticipated, as perceived by all key-
user groups’. Furthermore, Gable et al. (2003) pointed out that the IS-impact
model deviates from the IS-success model in the following ways: “it depicts a
measurement model rather than the causal process of success; it omits the use of
construct; satisfaction is treated as an overall measure of success, rather than as a
construct of success; new measures have been added to reflect the contemporary
IS context and organisational characteristics; and it includes additional measures
to provide a more holistic organizational impact construct”.
In addition, compared to the original IS-success model, Gable et al. (2003) have
eliminated the use and user satisfaction dimensions via multistage data collection
and statistical analysis Ifinedo (2008). The IS-impact model has been extensively
validated statistically and employs mainly perpetual measures. According to
Petter et al. (2008a), ‘this IS-impact model has started to develop standard-
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Figure 4.3: IS-Impact
Source: Adapted from Gable et al. (2008)
ised measures that can be used to evaluate the various dimensions of success as
specified by DeLone and McLean’s model’, rather than examining one or more
relationships using the qualitative technique of meta-analysis. As a result, it can
lead to a better understanding of how to measure success.
Furthermore, some theoretical models, specifically for individual’s acceptance are
briefly discussed in the next section.
4.3 Theory of Reasoned Action (TRA)
From the psychology field, Ajzen & Fishbein (1973) developed the earliest and
versatile behavioural theory used to describe technology acceptance. The work is
believed to have originated from research in the period 1918-1970 for explaining
the impact of attitude on an individual’s behaviour. TRA forms the backbone of
many studies associated with attitude-behaviour relationships, in many settings
across academia and business (Conner et al., 2002). As well, many IS researchers
often used TRA to study the determinants of IT innovation usage behaviour (Lin,
2007a).
TRA is based on the assumption that individuals are rational and will make
balanced use of the information available to them to perform an action. There are
two major constructs of intention: (1) attitude toward behaviour (ATB) and (2)
subjective norm (SN). Both constructs are associated with behavioural intentions
(BI), as depicted in Figure 4.4. From Figure 4.4, according to Ajzen & Fishbein
(1980), individuals consider the implications of their actions before they decide
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to employ or not employ a given behaviour, via ATB and SN such as Figure 4.4
below:
Figure 4.4: Theory Reasoned Action (TRA)
Source: Adapted from Ajzen & Fishbein (1973)
Attitude toward behaviour (ATB) ATB is the previous attitude of individual
towards performing behaviour, as described as “the degree to which performance
of behaviours is positively or negatively valued” (Ajzen & Fishbein, 1980). For
example, in the WPS domain, a set of beliefs by an individual user could be
(i) the WPS is interactive, (ii) the WPS is unique, and (iii) the WPS is easy.
From these beliefs, users will exhibit certain behaviour (i.e. use or intend to use
theWPS) based on their beliefs whether to reject or accept the WPS.
Subjective norms (SN) SN is the social pressure influenced on individual deci-
sion to perform the behaviour. It refers to “what other people think of his or her
behaviour” (Ajzen, 2002). Therefore, what other people (e.g. family and friends
and those are important and related to individual) think, plays a vital role in
a person’s behaviour. With reference to a WPS, if family or friends suggested
that it is good and applicable to a user, individual users may accept or reject
the use of the WPS by considering what family and friends think about WPS.
To summarize, TRA is a general well-researched intention model that postulates
individual behaviour and behavioural intentions toward ATB and SN. Both TRA
and SN are determined by a set of individual beliefs and by normative beliefs
respectively .
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A few studies applied TRA in web and web personalization research as follows:
Internet Shopping Behaviour - Yu & Wu (2007) examined user shopping be-
havior and attitudes toward Internet shopping among 693 college students in Tai-
wan. The research modes utilized TRA as the framework to analyze the Internet
shopping behaviour intentions, consisting of a factor model and an integrative
model. In the factor model, store service image and minor reference groups were
the variables that discriminated most strongly between those who intended to
shop online, and those who did not. In the integration model, attitude toward
likely behaviour and subjective norms discriminated most strongly between those
groups.
4.4 Theory of Planned Behaviour (TPB)
TPB was proposed due to the limitations of TRA by Ajzen & Fishbein (1973) such
as dealing with behaviours over which people have incomplete volition control.
TRA was extended by one third determinant of behavioural intention, perceived
behavioural control (PBC). PBC was introduced in order to account for situa-
tions where an individual lacked the control or resources necessary for performing
behaviour normally under their control.
The TPB addresses the issue of behaviours that occur without a person’s simply
volition control. In fact, the theory of planned behaviour differs from the theory
of reasoned action in its addition of the perceived behavioural control (PBC). Ac-
cording to Hui & Chau (2002), TPB is considered to be more general than TRA
because of PBC, which posits that behaviour can be controlled through planning
and deliberation. It is one of the most influential theories in projecting human
behaviour across many settings (Ajzen, 2002) and has been validated by research.
According to TPB, the direct root of any Behaviour is its Behavioural Intentions
(BI) after all; people do what they plan to do. BI is defined as “the strength of
one’s intention to perform a specified behaviour” (Ajzen, 2002). Hence, we expect
a positive relationship between the three focal behaviours getting information,
giving information, and purchasing good or services with their respective be-
havioural intentions.
According to Ajzen (2002), “human action is guided by three kinds of consider-
ations: beliefs about the likely outcomes of the behaviour and the evaluations of
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these outcomes (behavioural beliefs), beliefs about the normative expectations of
others and motivation to comply with these expectations (normative beliefs), and
beliefs about the presence of factors that may facilitate or impede performance
of the behaviour and the perceived power of these factors (control beliefs)”. The
diagram below describes schematically the TPB in Figure 4.5 , which is comprised
of nine variables:-
Figure 4.5: The constructs of TPB
Source: Adapted from Ajzen (2002)
Behavioural belief - this theory connects the behaviour of interest to the ex-
pected outcome, for example, a person may believe that giving personal infor-
mation on a website (the behaviour) helps a website provider, and the provider
will not misuse their information (the outcomes). Behavioural beliefs have a
subjective probability that certain behaviour will be produce a given result. It
shows that although a person may have many behavioural beliefs related to an
action, only a relative and relevant action on the specific moment will influence
a person’s attitude toward behaviour, based on the assumption that their belief
was in agreement with the subjective values of the expected outcome. Thus, the
attitude towards the behaviour is determined by the individual’s evaluation of the
outcomes associated with the behaviour. The more positively the person evalu-
ates the outcomes and believes that the behaviour will achieve these outcomes,
then the more likely it is that the person will perform the behaviour.
Attitude toward behaviour - It refers to the degree to which performance of the
behaviour is absolutely or negatively assessed, and it is determined by a set of be-
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havioural beliefs connecting the behaviour to several outcomes and attributes.
Perceived behavioural control (PBC) - It refers to an individual’s perceptions
or sense of his or her ability to perform a given behaviour. These are also related
to the ease or difficulty of performing the behaviour. For example, if the users
believe that they could be subject to an invasion of privacy or a threat to security,
(e.g. data being interrupted or Web behaviour being tracked illegally by aWebsite
owner), then on acquiring information from a website, they were more likely to
form an intention to perform the conduct (e.g. surfing through the Website or
returning to the Website in the future). Thus, there is a correlation between PBC
and intention to perform the behaviour. The greater a person’s PBC, the greater
the intention to perform the behaviour.
Normative beliefs - It refers to an important reference from others, e.g. per-
son’s spouse, family, and friends. These references are used to know whether
they have effect on an individual’s belief. Some studies show that the degree of
normative beliefs also influence by a user belief itself direct to subjective norms
(Ajzen & Fishbein, 1980).
Subjective norms - They measure to what extent an individual’s belief in so-
cial standing, influences their behaviour. Subjective norm is more about social
pressure for individual to perform or not to perform their behaviour. Psychol-
ogy researchers found that subjective norms are accumulating factors from the
normative beliefs for influencing individual’s behaviour.
Control beliefs These beliefs are concerned with the perceived presence of fac-
tors that may facilitate or impede performance of behaviour. It is assumed that
these control beliefs in combination with the perceived power of each control
factor determine the prevailing perceived behavioural control. Specifically, the
perceived power of each control factor to impede or facilitate performance of
the behaviour contributes to PBC in direct proportion to the person’s subjective
probability that the control factor is present.
Intention - It is an indication of a person’s readiness to perform a given be-
haviour, and it is considered to be the immediate antecedent of behaviour. The
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intention is based on attitude toward the behaviour, subjective norm, and per-
ceived behavioural control, with each predictor weighted according to its impor-
tance in relation to the behaviour and population of interest.
Behaviour - It is the manifest, observable response in a given situation with re-
spect to a given target. Single behavioural observations can be aggregated across
contexts and times to produce a broader representative measure of behaviour.
In the TPB, behaviour is a function of compatible intentions and perceptions of
behavioural control. Conceptually, PBC is expected to moderate the effect of
intention on behaviour, such that a favourable intention produces the behaviour
only when PBC is strong. In practice, intentions and PBC are often found to
have important effects on behaviour, but no significant interaction.
Actual behavioural control - It refers to the extent to which a person has the
skills, resources, and other prerequisites needed to perform a given behaviour.
Successful performance of the behaviour depends not only on a favourable in-
tention but also on a sufficient level of behavioural control. To the extent that
PBC is accurate, it can serve as a proxy of actual control and can be used for the
prediction of behaviour. Applying the TPB in WPS study, Henriksen & Pederson
(2009), proposed that personalization indirectly affects the end-users intentions
to browse through the website, via ATB and PBC.
Some studies that utilized TPB are described in the following paragraph and can
be found from the following research:
Internet purchasing - George (2004) used several opinion polls to ascertain that
many consumers resist making purchases via the Internet because of their con-
cerns about the privacy of the personal information that they provide to Internet
merchants. Using the theory of planned behaviour as its basis, this study investi-
gated the relationships among beliefs about Internet privacy and trustworthiness,
along with beliefs about perceived behavioral control and the expectations of im-
portant others, as well as online purchasing behaviour. Data was collected from
193 college students. Analysis of the data indicated that beliefs about trustwor-
thiness positively affected attitudes about buying online, which in turn positively
affected purchasing behaviour. Beliefs about self-efficacy regarding purchasing
positively affected perceived behavioural control, which in turn affected online
purchasing behaviour. In brief, respondents who believed in the trustworthiness
77
of the Internet and in their own abilities to buy online were more likely to make
Internet purchases than were those without such beliefs.
4.5 Technology Acceptance Model (TAM)
TAM introduced by Davis (1989) is an adoption of the Theory of Reasoned Action
(TRA), to explain an individual’s intention to use a system. The original study
utilized the use of computer software (e.g. word processing and spreadsheets).
TAM suggested that two constructs determined individual’s intention to use a
system. Firstly, perceived usefulness (PU) refers to the degree to which a person
believes that using a system would enhance his or her job performance. Secondly,
perceived ease of use (PEOU) refers to the degree to which a person believes
that using a system would be free from an effort (Davis, 1989; Davis et al.,
1989). Furthermore, intention to use a system served as a mediator of the actual
system use. Burton-Jones & Hubona (2005) found that both PU and PEOU fully
mediated the influence of external variables on IT usage behaviour, as depicted
in Figure 4.6
Figure 4.6: Technology Acceptance Model (TAM)-
Source: Adapted from Davis (1989)
Figure 4.6 presented TAM, including the attitude toward behaviour (ATB). TAM
theory that external variables (e.g., system characteristics, development process,
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and training) on intention to use the system (technology), are moderated by
PU and PEOU, is consistent with TRA. Moreover, PU is influenced by PEOU
(Venkatesh & Davis, 2000) under the assumption, the higher the degree of ease
of technology, the greater the usefulness for a user. For example, in the case
of personalization technology, if users perceived that it was easy to use, then it
would lead users to believe that the technology was useful (i.e. that it helped a
user find information of interest, or that a user’s preferences would be taken into
consideration tailored to fit).
Since its birth in 1989, TAM has continued to evolve, and establish itself as a
robust, powerful, and economical model for predicting user acceptance towards
a new technology (Venkatesh & Davis, 2000). Furthermore, across IS studies,
the new variables were introduced as external variables proposed as being ef-
fected by PU, PEOU, BI, and USE. For example, system quality, compatibility,
computer anxiety, enjoyment, computing support, and experience (Lee & Tsai,
2003). Wixom & Todd (2005) concluded that TAM incorporated three major ap-
proaches: (1) including factors from related models (e.g., SN & PBC from TPB),
(2) introducing additional beliefs to the model (e.g., trialability , compatibility,
visibility or result demonstrability), and (3) examining external new variables
(e.g. personality traits and demographic characteristics) that were posited as
having an effect on PEOU and PU.
A large number of studies have been conducted using the original or an extended
version of TAM in IS research. Some of the main relevant studies utilizing TAM
for technology investigations can be found in the following areas:
Word processor, email, file editor and graphic systems - Davis (1989) devel-
oped valid measurement scales for PU and PEOU, using the data collected from
112 employees and 40 MBA students whose used email, file editor, and graph-
ics systems. Moreover, Davis et al. (1989) utilized the use of a word processing
program and graphics system among 240 MBA students, for testing enjoyment
as the key determinant of computer use. Findings from this study revealed that
usefulness and enjoyment explained about 62% and 75% of variance in intention
to use. These were found to mediate the effect on PEOU and output quality.
Voice, email and software applications - By investigating user acceptance
toward voice, email and software applications, Adams et al. (1992) gathered re-
sponse data from 118 employees in 10 different organizations, comprised of 73
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users. This study aimed to evaluate the psychometric properties of PU and
PEOU and examining the relationship between PU, PEOU, and system usage.
The findings demonstrated validity and reliability of PU and PEOU measures.
They found that PU is the key determinant of intention to use a system.
Online help system, multimedia system, and Windows 95 - Venkatesh et al.
(2000) surveyed about 70, 160, and 52 employees regarding the use of an online
help system, multimedia, and Windows 95 respectively, to investigate the deter-
minants of PEOU via ‘anchors’ (factors that determine early perceptions about
PEOU of a new system) such as self-efficacy, facilitating conditions, computer
anxiety, computer playfulness, and adjustment perspective. User experience was
used as a moderating effect and hypothesized that to moderate variables in the
proposed model. From findings, they found that increased experience adjustments
played a key role in determining system specific PEOU.
Data and information retrieval system and data warehouse predefined report-
ing software - Venkatesh & Davis (2000) investigated subjective norm (SN),
experience and gender differences in terms of individual adoption and usage of
technology at the workplace. The subject of this study was 246 employees from
five different organizations that were using the data and information retrieval
system. The findings based on mandatory settings of use of a system, show that
women are influenced by PEOU and SN, in adopting the system, whereas men
consider PU for their intention and use of the system. Wixom & Todd (2005)
selected 456 employees from seven organizations among different industries, for
distinguishing basic beliefs and attitudes (e.g. satisfaction), and technology ac-
ceptance, toward the data warehouse predefined reporting software. Results sup-
ported the application of information and system satisfaction as external variables
to the original TAM.
Wireless Internet via mobile device (WIMD) and intranet usage Yu et al.
(2003) proposed a framework for WIMD acceptance, for understanding, explain-
ing and predicting individual acceptance of WIMD. In their model, intention to
use WIMD and attitude toward using WIMD are adopted as important decision
variables to defer user acceptance of WIMD. Some other variables in the model
are technology complexity, individual differences, facilitating conditions, social in-
fluences, and wireless trust environment. From an Intranet usage study, Horton,
Buck & Clegg (2001) studied 466 employees from two UK companies to inves-
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tigate factors that supported users who use Intranet in their workplace. There
were four variables involved in this study, i.e. PU, PEOU, intention to use, and
self- reported usage. From the findings, PU, PEOU, and intention to use were
implicated as being predictive of Intranet use. They found that TAM is useful
and suitable for understanding user acceptance of Intranet in organizations.
4.6 Innovations Diffusion Theory (IDT)
Innovation and dissemination of technology has appeared in several studies for
describing and explaining innovations in the acceptance of technology since the
1950s. However, from 1992 to 1995, it was gradually expanded until Rogers (1995)
examined and explained how inventiveness played a role in user acceptance tech-
nology. This process is known as “innovation-decision process”. Rogers (1995)
stated that there were five stages involved in how an individual makes decisions
based on his or her perceptions of on the innovativeness of systems, such as
depicted in Figure 4.7 below:
Figure 4.7: Innovations Diffusion Theory
Source: Adapted from Rogers (1995)
• First knowledge to innovation individual gains knowledge of the systems
via innovativeness and then understands how it functions.
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• Performing attitude towards innovation individual builds attitude towards
the systems, for example, favourable or unfavourable.
• Making a decision - from his or her attitude, individual considers whether
to accept or reject the innovation.
• Implementation of a new idea individual considers using the innovation.
• Confirming the decision- individual seeks reinforcement and reconsiders the
previous decision that has been made, or rejects the innovation.
In addition, Rogers (1995) introduced five antecedents that influence an individual
in the persuasion process (stage 2), a psychological process that occurs when an
individual is seeking information about innovation, and seeking opinions from
their peer group to reduce doubts about innovations related to technology, for
instance:
• Relative advantage is the degree to which an innovation is perceived as
better than the idea it supersedes.
• Compatibility is the degree to which innovation is perceived as consistent
with existing values, past experiences, and needs of potential adopters.
• Complexity is the degree to which an innovation is perceived as relatively
difficult to understand and use.
• Trialability is the degree to which an innovation may be experimented
with on a limited basis.
• Observability is the degree to which the results of an innovation are visible
to others.
4.7 Social Cognitive Theory (SCT)
SCT was first proposed by Bandura (1995) which was drawn from field of psycho-
logical study, originating from the Social Learning Theory (SLT) by Miller and
Dollard (1941). SCT focuses on the process of knowledge acquisition via obser-
vations (Bandura, 1986; Wills et al., 2008). The SCT was later enriched through
the formative work on social cognitive theory, published by Bandura (1986). It
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theorized that human functioning should be perceived as the product of dynamic
interplay of several factors: personal, behavioural, and environmental influences.
The reaction of humans (individuals) to performing behaviour (e.g. accepting
technology) is mediated by how they interpreted their personal behaviour, and
environment, a conception of reciprocal determination (Bandura, 1986) which is
depicted in three views Figure 4.8.
Figure 4.8: Social Cognitive Theory (SCT)
Source: Adapted from Bandura (1986)
The SCT theorized that all individual behaviour, individual cognitive processes
and other personal factors, including environment influences, are interacting de-
terminants that influence each other bi-directionally (Carillo, 2010). In terms of
uses and findings, SCT in particular has been used in the study about acceptance
of IT in several areas such as computer software training and use (Agarwal et al.,
2000; Compeau & Higgins, 1995); the Internet (Hsu et al., 2004)); e-commerce
related issues (Hernandez & Mazzon, 2007; Klopping & McKinney Jr., 2006), and
e-learning (Hayashi et al., 2004). Some studies related to web and web personal-
ization that utilized SCT are:
Impact of web personalization - Tam & Ho. (2006) theoretically developed
and empirically tested a model of web personalization. This study aimed at
under- standing the impact of web personalization and the link between per-
sonalized agents and user information processing and decision making. They
proposed and developed a research model based on SCT and consumer research
theories. The data was collected in a laboratory experiment and a field study.
The findings indicated that content relevance, self reference and goal specificity
affect the attention, cognitive processes, and decisions of web users in various
ways. Furthermore, users were found to be receptive to personalized content and
found it useful in assisting decisions.
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Search engine adoption - From the study related to search engine adoption,
Liaw et al. (2006) proposed a model to investigate user attitudes toward search
engines as a learning assistance tool. This model was comprised of the motivation
perspective, SCT, and technology acceptance model. From regression analysis,
this study found that satisfaction of system quality and user experience using the
Internet and search engines, influenced enjoyment and self-efficacy. Moreover,
perceived enjoyment and self-efficacy are determinants of user intention to use
search engines as a learning assistance tool.
Kuo et al. (2004) investigated the existence of a trade-off effect between effort
and accuracy in web searching behaviours. Moreover, this study also considered
how self-efficacy may impact the trade-off effect. The proposed model is based
on SCT. The motivation of this study is to understand one of the major barriers
to the e-commerce user, who regards searching for information as a waste of time
and effort. The trade-off effect defined by the goal and experience of a user,
is reflected by effort-saving and accuracy-seeking. The findings show that the
emphasis on accuracy of information in searching will increase the level of effort
by low self-efficacy subjects. There are no trade-off effects between effort-saving
and accuracy-seeking for individuals of higher self-efficacy.
4.8 Decomposed Theory of Planned Behaviour (DTPB)
The DTB is a decomposed theoretical model aims to explain users’ behaviour in
technology acceptance. There were two types of works that were discussed in this
section: (1) the work of Taylor & Todd (1995a) and Taylor & Todd (1995b), and
(2) the work of Pavlou & Fygenson (2006).
4.7.1. Taylor and Todd’s DTPB
The DTPB is originated in the work of Taylor & Todd (1995b) and Taylor &
Todd (1995a) in the research titled “Understanding Information Technology Us-
age: a set of competing models”. This model is more completely considered and
decomposed the three beliefs that originated from TRA and TPB: (i) attitude be-
lief towards behaviour (ATB), (ii) subjective norms (SN) towards behaviour, and
(iii) perceived behavioural control (PBC) into specific belief dimensions (Pavlou
& Fygenson, 2006; Taylor & Todd, 1995a,b), as depicted in Figure 4.9
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Figure 4.9: Decomposed TPB
Source: Adapted from Taylor & Todd (1995b)
With reference to Figure 4.9,Taylor & Todd (1995b) suggested decomposing ATB
into three antecedents: (i) perceived usefulness (PU), (ii) perceived ease of use
(PEOU), and (iii) compatibility. From their study, these three decomposed
behaviours were found to be constantly, and related specifically to usage of
IT/computer system. For example, Taylor & Todd (1995a) aimed at exam-
ining the appropriateness of TRA, TPB and DTPB as models to predict user
behaviour. The results proved that pure TRA, and TPB are capable of predict-
ing behaviour, but the decomposed version is better at explaining this behaviour.
They recommend the use of DTPB as a tool to affect certain aspects of behaviour
that managers might need to change through systems design and marketing im-
plementation strategies.
For the purpose of analysis, they combined the relative advantage and compat-
ibility of beliefs based on similar treatments found in another research (Moore
& Benbasat, 1991). A study of the crossover effect between decomposed beliefs
was conducted as well, and the results showed that relative advantage and com-
patibility affected PBC. Normative influences affected attitude, and facilitating
conditions influenced subjective norms.
Moreover, their work did not stop at the initial stage, instead they conducted
further experiments in the same year, aimed at comparing the original TPB and
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decomposed version (DTPB) in terms of their contribution to understanding IT
usage. Their methodology included a field study of voluntary users of a student
computer resource centre over a period of twelve weeks by business school stu-
dents. In the decomposed version of TPB, Taylor & Todd (1995b)used the model
in Figure 4.9. In this model, they measured attitudes on TPB by combining
the TAM variables and Diffusion of Innovation Theory (DOI). Their main find-
ing was that constructs measurement was common across models, for example,
PEOU parallel to a complexity, as well as PU matches with relative advantage
in Diffusion of Innovation Theory (DOI). Hence, both constructs were used in
parallel for the analysis reported in their study.
In terms of statistical power, both DTPB and TAM provided a compatible fit
and had the predictive power. However, in comparison, the DTPB resulted in
better predictive power relative to the TAM and TPB. Additionally, by comparing
TPB, DTPB, and TAM, the TPB and DTPB were to a greater degree explained
the power acceptance, of IT usage as compared to TAM. To summarize, both
DTPB and TAM had similarities and differences, although some constructs were
common across the models, as depicted in Table 4.2
Table 4.2: Similarities and differences between DTPB and TAM
Similarities Differences
Attitude toward behav-
ior (ATB) is common in
both models.
In TAM, PU has a direct im-
pact on BI.
ATB in DTPB is af-
fected by relative advan-
tage, compatibility and
complexity.
In DTPB, PU is an indicator
of attitude. Only attitude has
a direct impact on BI.
ATB in TAM is affected
by PU (similar with rela-
tive advantage) and EOU
(comparable with com-
plexity in DTB).
Nil
4.7.2. Pavlou & Fygenson’s work on DTPB
Pavlou & Fygenson (2006) proposed an extended TPB to explain and predict
the process of e-commerce adoption by consumers, via two focal behaviours: (1)
getting information and (2) purchasing, from a web vendor. Compared to the
previous DTPB model, they composed PBC’s antecedents via a second order
factor using a formative structure. Furthermore, they derived for each behaviour
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its intention, attitude, subjective norm, and perceived behavioural control (PBC),
as depicted in Figure 4.10
Figure 4.10: The Pavlou and Fygenson’s DTPB
Source: Adapted from Pavlou & Fygenson (2006)
From Figure 4.10, PBC is viewed through the first order dimension: (1) controlla-
bility and (2) self-efficiency for all users beliefs. For example, PBC of purchasing
is indicated by purchasing controllability and purchasing self-efficiency, as well as
on PBC getting information. The antecedents toward controllability of obtaining
information is defined according to trust, perceived usefulness (PU), perceived
ease of use (PEOU), download delay, time resources, and website navigability.
However, only trust and PEOU are used to define the antecedents of controlla-
bility.
Various antecedents have been used to indicate the main constructs of the model.
For example, trust was proposed as an attitudinal belief for obtaining information
and purchasing behaviour. Moreover, trust was also defined as an indicator of a
control belief for both obtaining information and purchasing behaviour. PU and
PEOU as antecedents from TAM model were defined as the indicators of attitu-
dinal beliefs, and PEOU was hypothesized as having a direct effect on control-
lability for both obtaining information, and purchasing behaviour. Finally, some
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antecedents such as experience, habit, web vendor reputation, product price and
demographics were defined as control variables.
To summarize, they found that their proposed model shed light on of the role of
PBC which is a formative construct formed by self-efficacy and controllability. In
addition, they extended TPB to allow modelling of the association between two
related behaviours, obtaining information, and purchasing. The behaviours are
linked at the intention and behavioural stages.
In comparison with Taylor and Todd’s DTPB, this model validates the Ajzen’s
original work (TPB) on e-commerce user behaviour from two dimensions; obtain-
ing information, and purchasing. Taylor and Todd’s work on DTPB however,
decomposed the attitudinal belief into two factors, PU and PEOU both of which
originated from TAM, and added compatibility as an indicator.
Some other studies that utilized DTPB can be found in the following research:
Internet banking - Ya-Yueh Shih (2004) investigated user intention in adopt-
ing Internet banking in Taiwan. This study attempted to understand how an
individual’s belief, embracing attitude, subjective norm and perceived behavioral
control, could influence intention. Two versions of the model, i.e. DTPB and
TRA were examined and compared. Data was collected from approximately 425
respondents and structural equation modelling was used to analyze the responses.
Their findings generally supported TRA and TPB and corresponded closely to
the data, in terms of explaining a user’s intention to accept Internet banking.
Adoption of Web 2.0 - Hartshorne & Ajjan (2009)investigated and aimed
to understand a University faculty’s awareness of the benefits of Web 2.0 to
supplement in-class learning and to better understand faculty decisions. The
DTPB model was utilized to develop hypotheses, as wasWeb 2.0 tools such as text
messaging, wikis, and social networks. Findings indicated although some faculty
members felt that Web 2.0 technologies could improve student learning, student
interaction with faculty and with other peers, writing abilities, and satisfaction
with the course; the use of these technologies among students was very low in
the classroom. Additional results indicated that the faculty’s attitude, and their
perceived behavioural control (PBC) were strong indicators of their intention to
use Web 2.0 in the classroom.
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Online shopping - Lin (2007b) compared TAM and its proliferation of com-
mercial Websites providing consumers with a new medium to purchase products
and services, and the comparison has increased the importance of understanding
the determinants of consumer intention to shop online. This study compared the
technology acceptance model and two variations of TPB to examine which model
best helped to predict user intentions to shop online. Data was gathered from
297 Taiwanese customers of online bookstores, and structural equation modelling
was used to compare the three models in terms of overall model fit, explana-
tory power, and path significance. Decomposing the belief structures in TPB
moderately increased explanatory power for behavioral intention. The results
also indicated that DTPB provided an improved method of predicting consumer
intentions to shop online.
Online games - Lee (2009) investigated whether flow experience, perceived
enjoyment, and interaction affected people’s behavioural intention to play online
games and whether gender, age and prior experience had moderating effects on
online game acceptance. The proposed model utilized TPB and validated the
model through an empirical study involving 458 participants using structural
equation modelling techniques. In addition, a competing model based on TAM
was proposed to evaluate whether TPB was more suitable than TAM to explain
the use of online games. Findings showed that DTPB provided a better fit and
explanatory power. Notably, this study found that flow experience is a more
important factor than perceived enjoyment in influencing customer acceptance of
online games. Further analysis revealed that gender is a key moderator of online
game acceptance.
4.9 Combined TAM and TPB (C-TAM)
One of the limitations of TAM is that it does not include the influence of social
factors and social control factors i.e. explain via Subjective Norms (SN ) and
perceived behavioural control (PBC) in the TPB. However, those factors were
found empirically to significantly influence IT usage behaviour across many stud-
ies (Mathieson et al., 2001; Moore & Benbasat, 1991; Taylor & Todd, 1995b). In
the study by Taylor & Todd (1995b), two determinants of IT usage were pro-
posed: (1) subjective norms and (2) perceived behavioural control on the original
TAM. This model aimed to provide a more rigorous test of antecedent IT usages,
due to both antecedents which are widely accepted in psychological research. The
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model refers as augmented TAM or “Combined TAM and TPB”, as depicted in
Figure 4.11 below.
Figure 4.11: The C-TAM
Source: Adapted from Taylor & Todd (1995b)
The definition and core constructs of C-TAM are defined in Table 4.3. The model
combines the antecedents of original TPB with perceived usefulness (PU) from
TAM to provide a hybrid model (Taylor & Todd, 1995b).
Table 4.3: C-TAM
Key constructs Definitions
Attitude toward behaviour(ATB) adapted from TRA/TPB
Subjective Norm adapted from TRA/TPB
Perceived behavioural control adapted from TRA/TPB
Perceived usefulness adapted from TAM
4.10 Extension of the Technology Acceptance Model
(TAM2)
The original TAM was extended by Venkatesh & Davis (2000) whose aim was as
follows: (1) to include additional key determinants that describe PU and usage
intentions in regard to social influence and cognitive influential process, and (2)
to understand how the effect of these determinant moved forwards acceptance ,as
user experience on the target system increased. The rationale behind TAM2 in
regard to web personalization is that a better understanding of the determinants
of PU on intention and system usage, would help the system to be redesigned to
increase user acceptance.
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The definition and core construct of TAM2 is presented in Table 4.4. TAM2
extended TAM by adding subjective norm as a supplement indicator and predictor
of intention in the ease of mandatory use.
Table 4.4: Extended TAM
Core constructs Definitions
Perceived
Usefulness (PU)
“The degree to which a person believes that using a particular
system would enhance his or her job performance “(Davis,
1989).
Perceived Ease
of Use (PEOU)
“The degree to which a person believes that using a particular
system would be free of effort “(Davis, 1989).
Subjective norm
(SN)
“The person’s perception that most people who are important
to him think he should or should not perform the behaviour
in question”(Ajzen, 2002; Davis, 1989; Mathieson, 1991)
Source : Adapted from Venkatesh & Davis (2000)
Figure 4.12 shows TAM2. There are five key determinants of PU: (1) subjective
norms, (2) image, (3) job relevance, (4) output quality, and (5) result demon-
strability. These determinants covered and incorporated additional theoretical
constructs from a social influence (e.g. subjective norm, voluntariness and im-
age) and cognitive instrumental processes (job relevance, output quality, result
demonstrability, and perceived ease of use).
Figure 4.12: Extension of the TAM-
Source: Adapted from Venkatesh & Davis (2000)
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4.11 The Unified Theory of Acceptance and Use of
Technology (UTAUT)
The UTAUT has been formulated by Venkatesh et al. (2003) through aggregat-
ing and comparing eight theoretical models of acceptance technology; including
TRA, TAM, MM, TPB, C-TAM-TPB, MPCU, IDT, and SCT. The definition and
core constructs are presented in Table 4.5. There are four UTAUT’s constructs:
(1) performance expectancy, (2) effort expectancy, (3) social influence, and (4)
facilitating conditions. In terms of hypothetical perspectives, the model provides
a refined view of technology acceptance and is presented in the way that determi-
nants of intentions and usage of the system are evolved across the eight prominent
acceptance theoretical models. UTAUT introduced by four core determinants of
intentions and usage of the system, and added a unified view by introducing
four moderator variables that hypothesized to influence the relationship between
constructs and its dependent variables.
Table 4.5: UTAUT
Core constructs Definitions
Performance Expectancy (PE) “The degree to which an individ-
ual believes that using the system
will help him/her to attain gains
in job performance”.
Effort expectancy(EE) “The degree of ease associated
with the use of the system”.
Social influence (SI) “The degree to which individual
perceives that important others
believe he or she should use the
new system”.
Facilitating conditions (FC) ‘the degree to which individual
believes that an organizational
and technical infrastructure ex-
ists to support use of the system”
Source : Adapted from Venkatesh et al. (2003)
The UTAUT and all its core constructs is presented in Figure 4.13.
The main contribution of this model to technology acceptance studies was its
emphasis on the key moderator variables: (1) gender, (2) age, (3) experience, and
(4) voluntariness of use, to the intention and usage. There were no moderator
variables suggested to interact in the previous acceptance theoretical model. For
example, age of user was neglected in acceptance studies, but the findings from
UTAUT study indicate that it moderated all key relationships in the model. In
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Figure 4.13: The Unified Theory of Acceptance and Use of Technology
Source: Adapted from Venkatesh et al. (2003)
addition, gender, which received several mentions, was also found to have a key
moderating effect on independent variables to dependent variables.
In terms of explained variance of usage of technology, the UTAUT has found
was able to account for 70 per cent of the variance, compared to its predecessor,
where the maximum explained variance of acceptance technology was around
40 per cent, across the theoretical models. For instance, meta-analysis evidence
suggested that TPB explained about 41%-50% of the variance in intention to use
and 28%-34% of the variance in usage (Morris et al., 2005).
4.11.1 Research Applying the UTAUT Model
There are various studies which employed UTAUT to test for the invariance of the
new indicators of user acceptance in many fields. This section highlights some
significance studies that employed and extended the UTAUT, for defining and
predicting the intention and usage of the system across some domains, such as:
Community weblog system- Li & Kishore (2005) tested the acceptance of on-
line community weblog systems based on five characteristics: gender, general
knowledge, specific knowledge, experience and usage frequency. The subjects of
this study were 265 business school undergraduate students who utilized weblog
systems. The findings of this study found that social influence is not interpreted
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similarly among users with high or low frequency of weblog usage.
online stocking system- Wang & Yang (2005) studied 700 financial investors
about user acceptance of an online stocking system. They combined UTAUT
with the five factors model (FFM). The FFM included extraversion, conscien-
tiousness, agreeableness, neuroticism, and open ness. In the first model, FFM
was hypothesized to affect intention to adopt online stocking indirectly through
UTAUT constructs. The second model hypothesized that FFM moderates the
effect of UTAUT constructs on intention to adopt online stocking. From this
study, they found that the variance explained in intervention was very low com-
pared to the moderating effect (60%). It suggested that personality traits play
important roles as moderator effects. From the first model, the extraversion
trait effected intention through the four UTAUT constructs. The openness trait
affected intention via EE, and FC construct. However, the Internet experience
and openness personality traits unexpectedly moderated the relationship between
EE and intention to adopt online stocking with a negative effect, in the second
model. Furthermore, the agreeableness trait with Internet experience moderated
the social influence-intention relationship with a positive effect, similar to the
conscientiousness traits with Internet experience which moderated the influence-
intention relationship with a negative effect.
3G mobile services and devices- In their study regarding user acceptance of
3G service in Finland, Carlsson et al. (2006) examined the factors affecting the
intention to use, and the use of mobile devices, and the effect of attitude toward
using mobile devices and services, and the effect of anxiety on behavioural in-
tention and the use of mobile services. The findings revealed that PE and EE
had a strong direct effect on intention to use mobile devices and such an effect
was weakened when attitude was added to the model. It indicated that attitude
explained part of intention to use a mobile device. Social influence also had a
significant positive effect on intention, and anxiety did not have direct effect on
intention but its influence was moderated by other variables (e.g. PE and SI).
Finally, intention to use had a significant positive direct influence on the use of
3G mobile services.
The study done by Wu et al. (2007) focused on how mobile phone companies in
Taiwan designed the marketing tactics closer to consumer needs under the dual
influences of the individual’s decreasing contribution and the low utility rate, as
well as trying to find a way to improve customers’ willingness to adopt 3G mobile
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telecommunication services. UTAUT was used as the model for the investigation
which included interviews with experts and consumer questionnaires. This study
found that the factors that significantly influenced the “behavioral intention” in-
cluded “social influence,” rather than the “effort expectancy” of using 3G mobile
services. Moreover, three non-assumed relationships were discovered during the
SEM analysis, which helped to revise the UTAUT model for 3G telecommunica-
tion services. The results of this study could assist Taiwan’s mobile telecommu-
nication companies to adjust their corporate strategies and tactics for providing
customer-oriented 3G services to both existing and potential customers.
GPRS/WAP services- In a similar study about user acceptance of mobile
phone service in Germany, Knutsen (2005) employed about 38 users of Nokia
phones on Danish GPRS/WAP-based service portals. Response data was col-
lected via the online survey using emails, in two timed periods: pre-launch and
two weeks after the mobile phone service trial. This study aimed to explore the
relationship between expectations related to performance of a new mobile ser-
vice, and efforts needed to utilize new mobile services, and how these constructs
affected attitudes toward new mobile services. From the findings of this study,
the relationship between PE-EE and attitude, as well as between EE and PE has
been verified. PE and EE put forward as being a strong determinant of attitude
towards a new mobile phone service. Furthermore, user age had a positive effect
on PE, indicating that older users had high expectations towards a new mobile
service.
Taxation system- Mcleod et al. (2009) introduced and extended UTAUT for a
novel model in terms of user acceptance of tax preparation. User trust toward the
system as well as individual perceived risk and computing and tax experience,
was used to extend the original UTAUT, since they believed these were important
factors in an individual and personal setting. Their findings suggested that the
original UTAUT constructs were significantly related to the acceptance of tax
preparation. However, software security and privacy concerns did not seem to
be particularly relevant, regardless of user acceptance. They believed that these
findings suggested a possible trade-off of security and privacy for convenience for
users.
Internet banking acceptance- Cheng et al. (2008) utilized UTAUT in a fi-
nancial sector, to investigate and identify the factors that determined customer
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acceptance of Internet banking services. This study aimed to learn how a bank
that is affected by the spread of the Internet, influences users, since millions of
dollars have been spent in building online banking systems, but reports have
shown that potential users may not use the systems for various reasons. The IS
quality constructs, and the concept of trust toward the banking system was em-
ployed for extending the original UTAUT. Results of the data analysis strongly
support the proposed model as well as 11 of the 14 proposed hypotheses.
Moreover, Liu et al. (2008) investigated a user technology acceptance issue in
the context of Internet banking in China. Based on the UTAUT model and
trust-related literature, they proposed a comprehensive research model to ex-
amine critical factors that could affect customers’ intention to conduct online
banking transactions. Data collected from more than 300 respondents was tested
and analysed. The results strongly supported the model as well as nine of the
twelve postulated hypotheses. Several implications for practice emerged, which
could meet a pragmatic need for managers in the banking industry to devise effec-
tive strategies for developing the Internet as a new delivery channel for financial
services, especially in Internet banking.
4.12 Summary of the Technology Acceptance Models
From the above discussions on the various theoretical models of user acceptance,
they can be summarized into three groups of technology acceptance theories:
4.12.1 The innovation and diffusion related theory
This group of theoretical models suggested that users were accepting the technol-
ogy due to their belief that the characteristics of innovation on the system affect
their adoption (Moore & Benbasat, 1991; Plouffe et al., 2001; Rogers, 1995). In
this group, the IDT is a major contributor.
4.12.2 The intention-based theory
The theoretical model of user acceptance from this group indicated that user
belief and attitude toward the system were the main predictor of intention and
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usage. Therefore, they stressed that PU. ATB and PEOU are the main indicators
across TAM and TPB.
4.12.3 The cognition-based theory
This group includes other theories of SCT that have been applied to IS acceptance
study, which is cognitive based, and involves the use of psychology.
The similarities and differences across theoretical models described above can be
confirmed by checking the indicators associated with intention and use technology
that were used. This findings reflected by the idea that each theoretical model
indicated extension from the original one, by such limitations. For example, TRA
was extended into TPB, which later extended into DTPB. Table 4.6 summarized
the antecedents of intention and usage of the system, across the previous theo-
retical models.
Table 4.6: Determinants of behaviour
Theoretical models Antecedents of Intention and use
TRA Perception, attitude toward behaviour, and social
influences
TPB Attitude toward behaviour, subjective norm, and
PBC
DTPB Attitude decomposed to relative advantage (per-
ceived usefulness), complexity (ease of use) and
compatibility, subjective norms, PBC decomposed
to self-efficacy and facilitating
TAM Perceived usefulness (PU) and perceived ease of
use (PEOU)
DOI Innovation attributes, innovators’ characteristics
SCT Self-Efficacy,outcome expectations, and affect
(Venkatesh, 1999).
UTAUT Performance expectancy, effort expectancy, social
influence, and facilitating conditions.
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4.13 Summary of use of IS theoretical models in web-related
Tasks and applications
Many studies on the acceptance of Internet and Web services as shown above.
Only a little research focuses on Web personalization through Websites and mo-
bile applications. Previously, there is a research related to web personalization,
However, there is the different from the present research. The different is the
current research focuses on to what extent a user accepts a WPS and measures
supported by CI metrics rather than the impact of Web personalization. To the
best of my knowledge, this thesis is the first of its kind to review the use of IS
theoretical models in Web personalization domain, and the differences between
past and current research, review as follows:
internet shopping behaviour - this study utilized TRA as a framework, while
the present study utilized UTAUT. In comparison, this study expected that TRA
is suitable for defining and predicting users behaviour on general e-commerce
websites. However, TRA is unsuitable for defining and predicting user acceptance
of WPS, as it is a complex problem compared to internet shopping behaviour.
internet purchasing- this study utilized opinion from user based on privacy
concern based on TPB framework. In comparison, TPB is more complex than
UTAUT, where antecedents of user acceptance is needed to be defined through
several stages such as behavioural belief, attitude toward behaviour, intention,
and actual usage of a system. The present study expected that TPB is unsuitable
for defining and predicting user acceptance of a WPS.
wireless internet via mobile device (WIMD)- this study employed TAM for
describing and predicting user behaviour on mobile internet. Although TAM had
been accepted as robust and parsimonious model in describing user acceptance,
it is not suitable for acceptance of a WPS, as the thesis tries to get holistic view
from moderating effects.
impact of web personalization- this is a study related to impact of web person-
alization, which employed SCT-based framework. This research is different with
the present research due to measuring impact and the respondent is recruited for
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giving their opinion through guided lab experiment. Eventhough, it is related
to web personalization, this study focuses on impact rather than acceptance.
Therefore, the present study is expected more suitable for employing UTAUT as
a framework.
search engine adoption- it is a study about search engine adoption that utilized
SCT. Compared to the present research, this studies investigating user adoption
and searching accuracy. The present research expected that it is not suitable for
utilizing SCT, in order to define and predict user acceptance of a WPS.
internet banking acceptance- a study described user acceptance of Internet
banking by comparing two models i.e. TRA and DTPB. The study revealed that
both models are suitable for explaining user intention to use Internet banking.
However, the present research tries to validate user acceptance of a WPS through
intention and usage. Hence, UTAUT is suitable compare to TRA and DTPB in
assessing user acceptance, based on simplicity of the model.
Web 2.0 adoption- this is another web adoption study using DTPB. The focus
of this study is on web 2.0 tools in learning and interactions. Based on the
complexity of DTPB, the present study expected that it is unsuitable for using
DTPB in defining and predicting user acceptance of a WPS.
online stocking systems, 3G mobile services, and web taxation these studies
was utilized UTAUT as a framework. Due to interaction of moderating effects
(e.g. age and experience) in the proposed model and the higher explained variance
throughout dependent variables, it is revealed that UTAUT is suitable for defining
and predicting online stocking, 3G mobile, and web taxation user behaviour.
4.14 Deriving an a priori user acceptance model
In this section an a priori theoretical model of user acceptance of WPS is devel-
oped based on the intensive studies described in the previous section. A priori
specification of the research problem is discussed as a critical path of the over-
all framework. Therefore, this section conceptualises an a priori user acceptance
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model, based on the most intensive utilized model across IS studies; TAM and
DTPB pertaining to the domain of WPS acceptance.
4.14.1 Web personalization system acceptance model (WP-TAM)
The TAM was used to examine the possibility of understanding WPS acceptance.
PU and PEOU, which have been verified by prior research, were used to present
the proposed elements that define the intention to use WPS. For example, WPS
technology complexity, individual differences, assisting conditions, and trust el-
ements on the Web were proposed as having an impact on how well the users
believe that, their acceptance and approval of WPS would enhance their tasks
on the web, particularly in e-commerce or portals. Furthermore, the constructs
have also impacted on the ease of use, which users believe that “using a particular
system, would be free of effort” (Davis, 1989).
TAM assumes that the belief in ease of use and usefulness is always the primary
determinant of technology adoption (Lu et al., 2003). Therefore, in WPS, these
constructs can also be used to define user adoption of personalized features. The
two constructs can be defined by external variables, which influence WPS accep-
tance, such as attitude toward personalization features, system complexity, trust
(e.g. security and privacy), and assisting relevant user support conditions. After
defining these factors, a model has been proposed as depicted in Figure 4.14
There are four possible constructs that influence PU and PEOU as follows:
• Technology complexity can be defined as the degree of integration between
Web personalization techniques and user profiles that described the usage of
Website and personalized features that can be offered through a Website.
• Individual differences from the IS-success study, individual differences of a
system are the primary contribution to the system success. This construct is
related to user’s awareness (e.g. experience, skills, and perceptions of the users)
of personalized features in a Website.
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Figure 4.14: A proposed Web personalization-acceptance model
Source: Proposed for this study
• Assisting conditions a condition can provide two dimensions: resource factors
(e.g. time and money value) and technology factors regarding the compatibility
of the WPSs, which may be an obstacle of the system usage.
• Normative influences is defined by other user’s opinion, a superior’s influence,
and peer group influence. In Web personalization, other user’s opinions are im-
portant, especially about personalized recommendations in e-commerce Websites.
There is a relationship between normative influence and user’s behaviour.
• Trust environment- there are two components of trust environment that in-
fluence user’s adoption of personalized features, i.e. security and privacy. This
is because the users of a Website will have to give information explicitly (e.g.
using the online form, survey, or rating system) and implicitly (e.g. captured
by the Web servers and used by the system for building user profiles). The suc-
cess method of acquiring data from users is dependent on the extent that users
trust the Website owner or provider, about the degree of data security and user’s
privacy.
From the proposed research model above, twelve possible hypotheses can be de-
veloped for testing the relationship and these are inter-correlated in Table 4.7.
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Table 4.7: Proposed Hypotheses based on TAM
Hypotheses Hypotheses’ Statements
H1 Future usefulness of personalization is positively affect on attitude
toward use personalization.
H2 Perceived short-term usefulness of personalization is positively af-
fect on attitude toward using personalization.
H3 Perceived long-term usefulness of personalization is positively affect
on attitude toward using personalization.
H4 Perceived short-term usefulness of personalization is positively af-
fect on intentions to use personalization
H5 Perceived future usefulness of personalization is positively on inten-
tions to use personalization.
H6 Perceived ease of using personalization is positively affect on atti-
tude toward using personalization.
H7 Perceived ease of using personalization is positively affect on per-
ceived future usefulness of personalization.
H8a Technology complexity is positively affect on both perceived short-
term usefulness and future usefulness of personalization
H8b Technology complexity will have a significant affect on the perceived
use of personalization
H9a User differences is positively affect on both perceived short-term
perceived usefulness and future usefulness of personalization
H9b User differences is positively affect on the perceived use of person-
alization
H10a The system assisting conditions is positively affect on both per-
ceived near-term usefulness and perceived future usefulness.
H10b The system assisting conditions is positively affect on the percep-
tion perceived of use personalization.
In addition, website activities (e.g. navigation, interface) offer challenges and
skills that lead users in achieving a task. It may be in terms of website loca-
tion, task completion and other activities on the website (Sandhu, 2008). Users
acquire different interaction skills every time a website is visited. These skills
would develop into a learning process whereby users develop their proficiency.
(Germanakos et al., 2008). According to Sandhu (2008), this flow will formalize
and extend to a sense of playfulness (a confident, lighthearted approach) which is
incorporated in the Web activities. Thus, it has been observed that when users
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perform tasks successfully on a Website, they feel confident in using it for other
tasks (Sandhu, 2008).
Previous studies suggested that user motivation affected the acceptance and re-
jection of technology (Hoffman & Novak, 1995; Sandhu, 2008; Venkatesh et al.,
2003). Further to Sandhu (2008), there are two main categories of motivation:
extrinsic and intrinsic (Vallerand, 1997). The former would drive the user per-
forming behaviour to achieve specific objectives, while the latter relates to user
perception of pleasure and satisfaction from performing the behaviour. On a
website, users are influenced by the motivation to complete an entire web-based
process or activity. The level of user satisfaction in the process is reflected in
the future visits to the website, so the focus on user motivation in technology us-
age remains dominant (Hoffman & Novak, 1995; Sandhu, 2008; Venkatesh et al.,
2003)
4.14.2 Web personalization system behavioral model (WPS-BM)
The TPB was examined to look into the possibility of using it for measuring
WPS acceptance. This a priori model considered behavioural aspects of users
on a website, and the model was guided by the empirical evidence of previous
behavioural studies (Ajzen & Fishbein, 1973). The proposed model based on user
behaviour related to psychology theory, included three determinants: acquiring
information, giving information, and navigating through a personalized website.
For example, giving user details on the website via an online survey or registration
form would assist the web provider or enterprises in gaining information about
their users or customers implicitly, and then contribute to user profile develop-
ment. In addition, users in e-commerce websites provided their personal details,
and the management of user profiles forms the core of personalization technology
(Fan et al., 2005; Leppaniemi & Karjaluoto, 2005; Xu et al., 2008). This finding is
supported by the enhancement of knowledge discovery in weblog data to support
developing user ID, user interests and preferences in the user profile database
(Zhang & Dillon, 2003).
The possible user beliefs on a WPS are derived from various literatures such
as technology adoption (e.g. perceived usefulness and perceived ease of use of
the systems); website quality (e.g. design, display features, download delay)
from Loiacono (2000) and Loiacono et al. (2007); and information characteris-
tics (e.g. website informativeness, personalized contents and privacy concerns).
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These beliefs are summarized in three dimensions (acquiring information, giving
information, and navigating a personalized Website), as presented in Table 4.8.
Table 4.8: The identified possible user beliefs based on TPB
Acquiring information Giving informa-
tion
Website design
Personalized informa-
tion via personalized
service
Information pro-
tection
Attractive appearance
Adequate information
vs. intrusiveness web
contents
Reputation of
provider
Perceived of match
user’s expectation
User-friendly person-
alized Website
Perceived useful-
ness of giving in-
formation
Perceived of competi-
tiveness
Portability Trust A proper multimedia
capability
Download delay on
displaying contents
Perceived ease of
giving informa-
tion
Perceived good and
appropriate design
Perceived ease of ac-
quiring information
Proper and ac-
cessibility tools
Perception of positive
experience
Based on the salient beliefs in Table 4.8, a set of proposed hypotheses are con-
structed for each behaviour, as presented in Table 4.9.
Table 4.9: List of Proposed Hypotheses
Belief Acquiring Information
Hypotheses
Providing content and services to
users
H1a:Personalized information by per-
sonalized service positively influences
the user’s attitude toward acquiring in-
formation from WPS.
Adequacy of personalized infor-
mation
H1b: Adequacy of personalized information
positively influences the user’s attitude to-
ward acquiring information from WPS.
User-friendly features H1c: User-friendly features positively influ-
ence the user’s attitude toward acquiring in-
formation from WPS.
Portability H2a: Portability positively influences the
user’s attitude toward acquiring information
from WPS.
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Continued from the previous page
Belief Acquiring Information Hypotheses
Response times H2b: Response times negatively influence
the user’s attitude toward perceived be-
havioural control over acquiring information
from WPS.
Perceived ease H2c: Perceived ease of acquiring informa-
tion positively influence a user’s perceived
behavioural control over acquiring informa-
tion from WPS.
Giving Information Hypotheses
Information protection H3a:Information protection positively influ-
ences the user’s attitude toward giving infor-
mation on WPS
Reputation of provider H3b: Reputation of the personalized Web-
site provider positively influences the user’s
attitude toward giving information on WPS
Perceived usefulness H3c:Perceived usefulness positively influ-
ences a user attitude toward giving informa-
tion on WPS.
Trust H4a: Trust positively influences a user atti-
tude toward giving information on WPS.
Perceived ease of giving informa-
tion
H4b: Perceived ease of giving information
negatively influences a user’s perceived be-
havioral control over giving information on
WPS.
A proper and accessibility tools H4c: A proper and accessible tools positively
influences user perceived behavioural control
over giving information on WPS.
Support skills H4d:Support skills positively influence user
perceived behavioural control over giving in-
formation on WPS.
Navigating through Hypotheses
Attractive appearance H5a: Attractive design positively influences
a user’s attitude toward navigating a WPS.
Perceived match of expectation H5b: Perceived of match of user expectation
positively influences the user’s attitude to-
ward navigating WPS.
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Continued from the previous page
Belief Acquiring Information Hypotheses
Perceived competency H5c: Perceived of competency positively in-
fluences user attitude toward navigating a
WPS.
Proper multimedia H6a: A proper rich applications of multime-
dia capability positively influences the per-
ceived behavioural control over navigating a
WPS.
Appropriate design H6b: Perception of quality and appropriate-
ness of design positively influences the per-
ceived behavioural control over navigating a
WPS.
Positive experience H6c: Perception of a positive experience pos-
itively influences perceived behavioural con-
trol over navigating a WPS.
From Table 4.9 the proposed hypothesis, the WPS-Technology Behavioural Model
was constructed and is depicted in Figure 4.15. The proposed model was tested
in a survey of 150 Internet user respondents. The response data was analysed by
utilising PLS-Path modelling.
Figure 4.15: A proposed WP-Technology Behavioural Model
Source: Adapted from Amin & Nayak (2010)
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From this study, three significant user behaviours pertaining to WPS have been
found:
4.14.2.1 Acquiring information behaviour
From data analysis, this study revealed that the variance intention to acquire
information explained acquire information behaviour was accounted at about
54% (R2 value for acquiring information = 0.54). Such a variance means that
the indicators defined through attitude, belief, and perceived behavioural control,
contributed 54%, to user behaviour in acquiring information on a personalized
website. It confirmed the findings of research into online user behaviour in e-
commerce, which showed that online users would refuse to wait, and would leave
a Website (Chen & Zeng, 2008).
Furthermore, ease of acquiring information positively influenced user control be-
liefs. This finding implied that if it is easy to acquire personalized information
(e.g. via new tab, column, or windows pop-up), users would have a greater
motivation to give information on a personalized website. It also suggests that
usability of a personalized Website leads users to acquire information. These find-
ings verified the previous findings in a web quality (WEBQUAL) study (ONeill
et al., 2003; Sismeiro & Bucklin, 2004). The usability of a website is a major
factor in attracting and impacting on user performance (Barnes & Vidgen, 2000;
Stepchenkova et al., 2009), and the number and frequency of user visits.
4.14.2.2 Giving information behaviour
All measures of user attitude toward giving information are not significant, ex-
cept the attitude toward usefulness of giving information. This result implies
that users are willing to give their personal details for obtaining personalized
features, if they realise that it is useful to them. In many researches, users not
only avoided sharing personal details but were also expected to provide incorrect
information online. This behaviour resulted from concern about privacy, security,
and information protection (Aljukhadar & Senecal, 2009).
Furthermore, reliance on personalized services, proper accessibility to online tools,
and easy interactivity that support user skills are significant in affecting user
control over belief in giving information. These results suggest that trust, ac-
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cessibility tools and interactivity of a WPS support user control belief in giving
information. Perceptions based on trust supported the previous finding related
to an e-commerce website that found that trust in a company, will encourage
users to sharing personal details on a website (Kobsa, 2007; Oded & Sunil, 2009;
Zimmer et al., 2010). Moreover, ease of giving information is also a component
influencing user control belief in giving information. Users avoid giving personal
details if the online tools (e.g. rating form, or online form) are complicated and
difficult to use. This finding confirms that users avoid intricate websites.
User behaviour toward giving information is at lower predicted by an attitude
belief toward giving information. Giving information behaviour (R2= 0.002) is
predicted by user intention and behavioural control over giving information since
2% of the variance of giving information was accounted for by the proposed
model.
4.14.2.3 Navigating through behaviour
Results from hypotheses testing disclosed that all hypotheses from user attitude
toward navigating through WPS are significant, except the control belief on ap-
propriate personalized design. The results implied that a WPS design perceived
as being attractive by the user, increased user expectation. The resulting compe-
tency was found to be a significant factor in influencing user attitude to navigating
through the site.
The proper multimedia features and capability of personalized design in creating
a positive experience for users influence user control over navigating through a
personalized website. These results confirm the previous findings that attractive
appearance and visually appealing design and aesthetic values, play a significant
role in increasing user navigation behaviour (Asela & Christopher, 2009; Bradley
et al., 2004; McKnight & Vivek, 2006; Phelps et al., 2001). In contrast, ap-
propriate design of a personalized website is not a factor that can pull toward
positively direct user navigating behaviour on a personalized website. Moreover,
user attitude and control belief toward navigating through WPS is well predicted
throughout the model with about 53% of the variance described in the user be-
haviour in navigation. Such a percentage indicates that measurement of attitude
and control beliefs toward navigating is a good predictor of user navigation be-
haviour in WPS.
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4.14.3 Summary of priori models
There are two proposed models have been introduced as priori models for this
research, as described throughout Section 4.14.1 and Section 4.14.2. Both of
them are based on TAM and TPB, and some hypotheses from that models will
be used to formulate the research model (described in Figure 5.5). From both
model, there are some findings as follows:
(i) It gives preliminary ideas about the possible constructs of a WPS acceptance.
For example, based on WPS-TAM some measures such technology complexity,
individual differences, assisting conditions, normative influences, and trust are
used to formulate the antecedents of WPS acceptance (will be described in Sec-
tion Section 6.2). Particularly, in defining perceived usefulness (performance
expectancy) and perceived ease of use (effort expectancy). On the other hand,
WPS-acceptance priori model use to described user behaviour related to giving
information, acquiring information, and navigating a WPS.
(ii) Both models show to what extent of complex and simple measures for inves-
tigating WPSs acceptance. The first priori model, is more likely complex with 13
hypotheses to be tested. In addition, the later priori model is needed to define
user acceptance of a WPS throughout three dimensions : acquiring information,
giving information, and navigating a WPS. These dimensions was distributed into
“behavioural attitude” and “ perceived behavioural control”. As consequences,
there are 19 hypotheses need to be tested.
Therefore, both models will not be used as the research model in the present
study, as they are complex and do not fit to define user acceptance of a WPS. A
simple and parsimonious model is needed in this study based on the number of
indicators and sample size, redundancy measures, and practicability.
4.15 Chapter summary
There are nine theoretical models of acceptance technology presented in this
chapter. These models are used for investigating, predicting and describing user
acceptance of technology. As described in Section 4.12, the models can be catego-
rized into three groups : (i) defining acceptance through innovation and diffusion
of technology, (ii) describing acceptance of technology based on intention to use,
and (iii) predicting user acceptance based on cognitive theories.
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The comparison between those theories has been concerned and adopted to suit
for WPS acceptance. These comparisons was based on similarities and differences
between the models. From similarities, as described in Section 4.2 on page 85,
attitude, relative advantage, and perceived usefulness were common constructs
for both TAM and DTPB. However, the differences were in TAM; perceived
usefulness had a direct impact on intention to use, as in UTAUT. Moreover, in
DTPB only attitude had a direct impact on intention to use a technology. In
addition, TAM also suggested that intention to use had a direct impact to actual
usage. In other words, attitude of a user contributed to intention and actual usage
(Davis, 1989). Whereas, other models are more complex with many constructs
and were found to be impractical and to have redundant measurements.
The selection of the model to suit with WPS studies is also based on the “settings”
of technology. Throughout Section 4.2, most of the technology was on “mandatory
settings”. In contrast, a WPS is on voluntary settings as users are free for using
a system. Hence, to select which theory suitable for the present research should
be based on the settings and the reliability of the model for the domain.
Throughout the literature, there are some reasons how to select the model to be
used in the study: (i) parsimonious and (ii) complex, which both are referred as
the two extreme cases related (Chesney, 2008). Parsimonious refers the simplest
explaination possible to any set observations, for example by using well-accepted
theories to explain the results, rather than developing a new theory. Moreover,
complex refers to the model with many constructs and found to be impractical
and redundant measures. The UTAUT model looks more likely mediated the two
extremes, and can be considered as parsimonious and comprehensive, due to it
can explain more of the usage variance and has moderator effects; compare to the
previous theoretical model. This research employs the UTAUT as a theoretical
framework, to investigate user acceptance of a WPS. There are some reasons for
this choice:
(i) the definition of user acceptance is simply define through four major constructs,
as latent endogenous variables, and two latent exogeneous variables. For example,
performance expectancy (PE) that measures the usefulness of a system is suitable
for measuring to what extent users belief that a WPS able to delivering relevant
information. In addition EE which can be used to measure the ease of a system.
(ii) the integrations of other factors that recognized as moderating effects give a
unified and holistic view of technology acceptance. In terms of a WPS, some fac-
tors such as age, gender, and experience are useful to describe user acceptance.
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(iii) the UTAUT itself is formulated from various acceptance models and it has
simplify and suit for investigating user acceptance of a WPS, based on parsimo-
nious characteristics and simple way in defining user acceptance through PE, EE,
SI, and FC. Moreover BI and USE are also useful in describing user acceptance
of a WPS, as a WPS is at voluntary settings where anyone able to use a system
compared to mandatory settings.
Therefore, based on the constructs from the previous theoretical models, a re-
search model will be developed in the next chapters (Chapter 6). From a proposed
research model, a survey design will be implemented in the following chapter
(Chapter 7), where key major constructs from UTAUT that are guided by WPS-
acceptance model (which will be described in Section 5.4 on page 130) are used to
develop survey items. These items were formulated as indicators for measuring
user acceptance of a WPS, based on description of antecedents in Section 6.2 on
page 140.
Chapter 5
RESEARCH METHODOLOGY, RESEARCH
MODEL AND HYPOTHESES
5.1 Chapter Introduction
The previous chapter intensively reviewed the origin of theoretical models of ac-
ceptance technology, as a foundation to formulate this research, whereas Chapter
2 and 3 intensively reviewed WPS. In the first part of this chapter, research
methodology through research design, strategy, and survey design will be in-
troduced and described including survey development processes and its related
requirements.
In the second part, the proposed research model will be formulated, based on the
intensive review of the previous chapter and the research philosophy adopted in
the research design process. Furthermore, the key deter- minants in the theoreti-
cal framework based on the web personalization acceptance model are discussed,
and hypotheses are developed for further testing using survey response data. Fur-
thermore, the hypotheses based on the proposed model of user acceptance will be
formed. The moderating ef- fects which are expected to moderate the influence
of antecedents in the proposed model will be discussed.
Finally, this chapter proposes a fundamental framework for user acceptance of
WPS, that would employ design measures for user ac- ceptance based on the
UTAUT framework.
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5.2 Research Methodology
Various research methods have been used measuring the success of a system.
As the research has focused on the development of measuring user acceptance
of a WPS, the framework that supports a research model should be determined
through defining the research problems. This idea can be supported via intensive
literature review from the previous studies in web personalization, and theoretical
models of user acceptance of technology. This section presents methodology for
the current study as shown in Figure 5.1.
Figure 5.1: Research methodology
Source : Proposed for this study
The details about steps involved in this research is described as follows:
Definition of the problem - Generally, type of study reflected by the research
problem and design. There are many types of study in IS such as description,
causal (cause-and-effect) relationship, correlation study, and understanding user
behaviour. This research tries to increase the understanding of the user accep-
tance factor toward a WPS, based on an acceptance theoretical framework. It
involves defin- ing the research model and forming hypotheses based on statis-
tical validation of the survey response data. Moreover, this research is also a
correlation study since it is concerned with establishing important variables that
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are associated with the problem instead of delineating the cause of one or more
problems.
In general, every research study is driven by problem definition. This step in-
volves identifying the problem, and formulating thesis statements and research
questions. Moreover, defining the research problem is used to describe and iden-
tify the cause of an event or to describe and measure phenomena of interest (Ca-
vana et al., 2001; Sekaran, 2005). It is a more formalized approach that requires
a concise specification: defining the proposed research model, constructs, vari-
ables, and hypotheses; dealing with “what” questions, where inferential statistics
attempt to explain cause and effect, and considering the impact used to identify
the factors or antecedents which influence user acceptance of a WPS. Hence, the
research problem definition needs to be supported by intensive review of the liter-
ature from previous research that is relevant to, and compatible with the current
research area, as stated in Chapters 2, 3 and 4. All the reviews assist in providing
research background and in formulating research questions.
Developent of the framework - Based on the research problems and research
questions, a framework for elaborating the steps includes design methods that
will allow the description of research questions. The proposed framework will be
used to evaluate user acceptance of a WPS based on two main problems in web
personalization research: users dealing with information overload, and mismatch-
ing, discussed in detail in Figure 3.1. This section presents the research design
that will be used in the present study. According to Burn & Bush (2003) and
Malhotra et al. (2002), research design involves specifying a master plan outlining
the methods and procedures to be utilized in collecting, analysing, and validating
the required data. Therefore, it is the framework used for solving logical and lo-
gistical problems (Yin, 1994). Furthermore, Sekaran (2005) stated that research
design is “the way to turn interesting ideas into excellent research”.
Research model - A research model will be developed according to literature
reviews. From the intensive reviews as well as defined research framework, the
research model was formulated and described in Chapter 4. Moreover, hypothesis
statements based on the research model will be developed (in Section 5.6) for
further testing and validating the relationships between variables.
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Survey of instruments, pilot survey and data collection - The present re-
search employed the mono method where a survey questionnaire was the main
data collection instrument. The survey questionnaire was selected because it en-
ables a researcher to establish and examine relationships between variables and
constructs, in particular, causal relationship (Saunders et al., 2007). Based on the
research model, survey instruments that defined user acceptance of a WPS will
then be developed. The survey instruments will be tested via the pilot survey,
using a sample population. The details on the development of survey instruments
will be described in Section 5.3.1 on the next page, as well as the description of
each instruments in Section 6.2.
The outcomes from the pilot survey, will be used to improve survey instruments,
and operationalize it through data collection process. The study unit of analysis
consists of Internet users, including QUT’s research students and academic staff.
In the literature, there are two types of data collection periods exited in the
research: cross-sectional, snapshot, (Saunders et al., 2007) or longitudinal study.
Snapshot study involves data collecting just once, whereas a longitudinal study
requires data collection two or three times. This study is classified as the snapshot
type due to it having only one data collection. The data collection period for this
research was the two months from 15th October to 31st December, 2010.
Data analysis - The outcome of the previous step is used to summarize and
analyse response data from the survey response. The main objective is to obtain
a statistical inference, that will be used for model validation and hypotheses
testing. Statistical analysis using partial least squares-path modelling (PLS-PM)
for validating the proposed model will be utilized for model validation, as well
as descriptive statistics for acquiring data preliminary analysis. From the PLS-
PM analysis, the hypotheses that stated relationships between variables in the
proposed acceptance model will be tested. The step involve in data analysis will
be described intensively in Chapter 6.
Evaluation - From data analysis, some evaluating methods towards model val-
idation will then be tested and evaluated. For example, quality criteria for as-
sessing a structural model via coefficient determination (Falkenreck, 2010) and
Stone-Giesser Criterion (Henseler et al., 2009; Tenenhaus et al., 2005). In addi-
tion, an assessment of the validation of the moderating effects such as the effect
size (Chin, 1998, 2010) and relative impact of predictive relevance (Henseler et al.,
2009; Henseler & Fassott, 2010), will be used. The description of this evaluation
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will be described in Section 6.9 on page 183.
Findings and conclusions - The results from the data analysis and evaluation
will be reiterated from a broader perspective and be used to explain the outcomes
of the research, related to the literature review, the proposed framework and the
research model, as well as test the hypotheses and validate the models. Finally,
in Chapter 7 and 8, some conclusions will be drawn from the present research in
addition to answering some research questions, as stated in Chapter 1, regarding
in the manner methods of research findings.
The following survey research design will describe the whole data generation
process for the current study.
5.3 Survey Research Design
This section describes the survey research design adapted in the current study,
including the steps involved in the survey instrument development, the question-
naire’s structure, the sampling technique, the pilot survey, the ethical clearance,
and the method of acquiring response data. The complete survey research de-
sign will be discussed in Chapter 6. Moreover, an issue such as common method
variance (CMV) will be discussed. Several steps which were taken to control and
minimize the biases will be described in this section.
5.3.1 Survey instrument development
Burn & Bush (2003) suggested that the survey instrument design is an impor-
tant point in the research process and contributes directly to the response data
collected. In the research literature, there is no widely accepted theory of de-
signing questionnaires, some researchers even consider that the design process is
an art rather than a scientific approach. The questionnaire’s design through this
research followed a set of principles that control each stage of the design process
(Burn & Bush, 2003; Cavana et al., 2001; Zikmund, 2003), as depicted in Fig-
ure 5.2 . This was to ensure that the specific questions were valid and reflect the
measurements based on the UTAUT.
As seen in Figure 5.2 , the steps involved in designing survey instruments can be
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summarized as follows:
1. Defining the objective of the survey and potential respondents who would
be considered the target population, as well as designing the sampling tech-
nique.
2. Choosing the most appropriate survey instruments that consider research
objectives and suitable and available tools.
3. Preparing a draft of the survey instruments, including content and purpose
of question, wording and language, response format, etc. In regard to ques-
tion content and wording, the questions were designed to be short, simple
and comprehensible, to avoid ambiguity, vagueness, estimation, and gener-
alization, while not being double-barrelled, or presumptuous. For example,
one of the original statements to be rated was "Personalized websites deliver
information relevant to my interests". This was changed to to "Personalized
websites deliver information relevant to my interests more accurately".
4. Pilot testing with a representative sample to identify any changes should
be made prior to survey administration. It will be described in the next
section.
5. Statistically validating the instruments data analysis including statistical
validations such as content validity, construct reliability, construct valid-
ity, discriminant validity, and convergent validity. All statistical procedures
will be further described, and produced in Chapter 6 and Chapter 7, re-
spectively.
5.3.2 Questionnaires design
This section describes questionnaire the design for data collecting. Thirty-one
questionnaires grouped into seven sections were used in the survey. Each section
represented the dimensions of user beliefs towards a WPS, based on the UTAUT
model. A complete list of the questionnaire items is found in Appendix C. The
survey structure is listed in the following sections:
Section 1 focuses on the respondent background or general information about
respondents. It is comprised of four questions which focus on demographics data,
e.g. gender, age, experience and Internet skills. All four questions were used as
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Figure 5.2: Survey development processes
Source: proposed for this study and adapted from Churchill & Lacobucci (2002)
and Malhotra et al. (2002)
moderating effects in the proposed model.
Section 2 pertains to the UTAUT’s constructs. There are four questions concern-
ing performance expectancy (PE). These questions use a nominal scale (5 points
on the Likert scale) to capture “how a WPS supports user performance”. All
questions are derived from the literature review in Chapter 2, and Chapter 3 as
well as theoretical models in Chapter 4.
Section 3 focuses on another UTAUT’s construct with four questions used to test
user effort or in other words, to test “how a WPS influences user effort”. For
example, clear interaction, skill, learning, ease of use regarding to user activities
on WPSs such as acquiring information and navigating through WPSs. As in
Section 2, all questions were derived from the literature in the previous sections.
Section 4 focuses on social influence or subjective norms, to test how other related
users think, and suggestions from peers and family, or providers that influence
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user in using a WPS. All questions are constructed from the previous chapters.
Section 5 describes the facilitating conditions of WPSs that are derived from the
previous chapter’s literature review. All questions are connected to resources and
characteristics of WPSs (e.g. policy, intrusiveness, adaptiveness, matching, and
visualization) and will be effected by the use and intention to use of a WPS.
Section 6 is related to an intention to use and the use of a WPS, or construct of
behavioral intention in the UTAUT. There are four questions to acquire informa-
tion about a WPS usage and intentions, as well as user preferences and choices
about personalized services on the Internet.
Section 7 is describing personalized preferences of users and ranking of personal-
ized services by users.
The complete definition of questionnaire items will be further described in Sec-
tion 6.2 on page 140.
5.3.3 Sampling and responses
The population for this research came from Internet users from various geograph-
ical locations. The random sampling techniques have been used to define the
population. Since this technique “is taking a relative sample from a large popu-
lation whose characteristics we presumably know, and the population has equal
chance of being chosen” (Coolican, 2009). Sample population consists of In-
ternet users who are using the Internet in their daily activities (e.g. seeking
information through forums, search engines, video-sharing and social-networking
applications). The sampling technique utilized in this research is presented in
Figure 5.3. and the samples were randomly selected from various Internet users
such as QUT research students, social network users, search engine users, and
e-commerce users.
Therefore, for this study, the target respondents were randomly selected from
three user’s category; such as QUT research students and staff, Internet users
from Malaysia, and other Internet users around the globe. Based on IP addresses
of the respondents that were captured by the survey system, 155 respondents
were QUT staff and students, 55 respondents were Malaysian Internet users, and
the rest of 38 respondents were Internet users around the world.
119
Figure 5.3: Proportions in Internet users for random sampling
Source : Adapted from (Coolican, 2009)
Throughout the literature review, the sample size had a direct influence over the
accuracy of research findings, and it must be of sufficient size to suit the goal of
the research. Gefen et al. (2000) suggested that a sample size smaller than thirty
is not adequate and not regarded as statistically significant. To comply with the
use of PLS-PM , the sample size was based on adequate, specific and statisti-
cal power for further analysis. This is a benchmark from IS researching which
predominantly employed PLS, from the top IS Journals such as MIS Quarterly,
Information System Research, and Journal of Information Systems from 2000 to
2010 (elusively). According to Goodhue et al. (2007), Kim et al. (2010), and Wet-
zels et al. (2009), the sample size was determined in relation to the calculation
presented in Table 5.1.
Table 5.1: Sample size parameters
Parameters Value
Population (N) Internet users from various appli-
cations (e.g. search engines, so-
cial networks, e-commerce web-
sites, and sharing websites) from
QUT and social networks.
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Level of confidence 95% (use to describe the percent-
age of instances that the similar-
ity test. It is expressed as a per-
centage and represents how often
the true percentage of the popu-
lation).
Margin error required 5% (Resulted from level of
confidence).
Minimum sample size required 120*
*Calculation based on the “ten times rule of
thumb” (Goodhue et al., 2007; Wetzels et al.,
2009)
Likewise, Chin (2010), stated that PLS more likely required a smaller sample size
for modelling more complex than required for Covariance-based SEM (CBSEM).
In fact, previous findings from Chin & Newsted (1999) used a standard rule
of thumb that suggested the sample size should be equal to the larger of the
following, by considering two factors: “(1) ten times the indicators with the
largest number of formative, or (2) ten times the largest number of structural
paths directed at a particular construct in the structural model”. Since the
causal relationships between indicators and constructs are reflective indicators,
according to Chin (1998), Chin (2010) and Gefen & Straub (2000), rule number
two is more appropriate. Hence, the minimum sample size was 120; because the
largest number of indicators from the facilitating conditions (FC) was twelve,
which was also ten times the largest number of independent constructs leading
to endogenous constructs (Chin & Marcolin, 2003; Westland, 2007).
5.3.4 Ethical Clearance
This research is bound to the requirement of ethical clearance from the University
Human Research Ethics Committee (UHREC), Queensland University of Tech-
nology. This requirement is in accordance with the National Statement on Ethical
Conduct in Human Research, Australian Government (http://www.nhmrc.gov.
au) since the QUT is accredited to conduct human research activities. Therefore,
permission from committee and conditions was met and approved by the panel
under the ethic category “Human”, approval number 1000000865.
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5.3.5 Pilot survey
After ethical clearance had been approved by the UHREC, pilot surveys were
undertaken. The questionnaires were pre-tested on the twenty individuals from
the Internet user group, who had a background of Internet usage such as seek-
ing information, giving information and having perceptions about Web services:
contents, articles, products and other on-line services on the Internet, from per-
sonalized websites as described in the Chapter 5 Research Methodology. The
main objective for the pilot survey in the current research was to test face valid-
ity, effectiveness and structure of the questionnaires as well as language use, and
as described by Iraossi (2006), there are three basic objectives of the pilot survey
as follows:
1. To evaluate the competency of the questionnaire.
2. To estimate the length of the survey or time to take the survey.
3. To determine the quality of the surveyor.
Pilot survey was conducted in two week, from 15 October to 31 October, 2010.
Twenty respondents, including high school teachers and students from Yeronga
State High School, Queensland and research students from QUT were given their
responses through a printout of comments available for every questionnaire. In ad-
dition, the on-line version of the pilot survey was made available also on the Inter-
net through http://energy4all.biz/research/index.php?sid=46552&lang=
en. This method was to ensure that respondents were able give their comments
and suggestions pertaining to each question on the survey.
Instead of questionnaires used in the pilot survey, there are several questions are
requested to answer by respondents for testing validity of the measures. Table 5.2
presented the response from pilot survey by 14 completed responses.
Table 5.2: Result from pilot survey
Pilot questions Answer Percentage (%)
Yes No Yes No
Yes No Yes No
Are the instructions on the cover note
clear?
14 0 100 0
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Continued from the previous page
Pilot questions Answer Percentage (%)
Are instructions for each section and
category clear?
14 0 100 0
Are the questions in each category
clear?
13 0 92.86 0
Are there any ambiguous terms in the
questionnaire?
4 10 28.57 71.43
Are there any spelling or grammatical
error?
3 11 21.43 78.57
Did you face any difficulty when an-
swering each question?
2 12 14.29 85.71
Is the instruction/description for each
category helps?
14 0 100 0
Did you rely on the instruc-
tion/description for each category
to answer each question?
12 2 85.71 14.29
What about the scale, is 5-point Likert
scale OK to you?
14 0 100 0
Based on response from pilot survey, some conclusions were found as follows:
(i) all questions are clear and understandable, (ii) all questions were adequate
and easy to understand, and (iii) the 5-point Likert scale is suitable as per the
literature and suggestion by research students from IS studies. From responses of
the pilot survey, some modifications such as grammatically errors were made to
enhance questionnaires, and make them available for the actual survey. Moreover,
the outcomes from the pilot survey, were used to improve survey instruments, and
operationalize it through data collection process
5.3.6 Survey applications and data descriptions
This section describes the survey applications used to manage and process survey
questionnaires.
(i) Survey applications
The survey questionnaires were conducted via the on-line surveys by deploying
an open source survey system from the lime survey (http://www.limesurvey.org).
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The survey developed using server-side scripting language (PHP) and MySQL
database. Both back-end and front-end were open source software. All responses
were recorded in the database and could be used simply for later analysis, for
example, be exported to the comma-separated value (CSV) data and be used
to derive response statistics as well as to create a pie chart for every question-
naire from the survey. These features would provide preliminary statistics about
responses from the survey and make the survey simple to handle.
The survey questionnaires were distributed in several ways such as those listed
below:
1. Using email tokens in the survey system-email with a token assigned and
generated by the survey system was sent to potential respondents who would
respond to the survey via a link provided through email.
2. Construct a clear and effective cover letter with reasons of doing a survey,
introduction about the research, target and anticipate a benefit from re-
search, information consent, and ethical clearance. Furthermore, potential
respondents are given to acknowledge about academic research purposes.
A complete cover letter is in Appendix A.
3. Respondents from QUT were invited to participate in the questionnaire by
email. The respondents received emails containing a token and the URL to
participate in the survey.
4. An email to potential respondents was also circulated through direct free
email systems such as Yahoo. Sending a personalize email for invitation
respondent by address them with a name, greetings via the survey system
and a reminder to respondents using email. A generated reminder email
from the survey system is in Appendix B.
5. An invitation to participate in the survey was sent also through discussion
forums and social networking applications such as Facebook, LinkedIn, and
Academia.
6. Videos and sounds were utilized in the survey questionnaires for presenting
the concept and application of a WPS. A video screen captured is presented
in Appendix D.
7. Furthermore, in order to avoid duplicating respondents, the survey sys-
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tem managed the setting of cookies and the capturing of Internet protocol
addresses (IP addresses). By setting “cookies”, there were no duplicated
responses from the same respondent. IP address captured the position of
respondents who were located in different geographical areas.
The discussion about the problem regarding bias and the methodology to handle
it will be discussed and presented in the next section.
5.3.7 Common method variance (CMV)
Survey research, particularly in IS has inherent problems and limitations (King
et al., 2007), of which a notable one is the CMV (Burton-Jones, 2009; Woszczynski
& Whitman, 2004). It refers to the amount of plausible but false covariance
shared among variables particularly prediction and dependent variables, due to
the common method used in data collection. In other words, it is reflected by
the variance that is attributable to the measurement method rather than the
constructs. Podsakoff et al. (2003) stated that bias is the problem due to it being
one of the sources of measurement error. However, the CMV remains unclear
due to it being effected by many factors (Burton-Jones, 2009), and IS researchers
only dealt partially with CMV and non-response bias (Woszczynski & Whitman,
2004).
According to Podsakoff et al. (2003), there are some CMVs that are problematic,
such as social desirability, ambiguous wording, scale length. Therefore, in order to
avoid ,minimize and control the CMV problem, this study took into consideration
some precautions that were defined by Burton-Jones (2009) and Podsakoff et al.
(2003). Therefore, to avoid biases that potentially occur within these sources,
some actions such as the ones described below, have been taken in this research:
(i) Obtain measures of the predictor and constructs from various sources. This
have been done through intensive literature review relevant to the previous re-
search, and related to technology acceptance domain e.g. web quality (WE-
BQUAL). All predictors in the proposed user acceptance model will be described
in Section 6.2, and are derived from technology acceptance studies. As a result,
a clear definition of predictors and constructs in the proposed model assisted the
design of the questionnaires.
(ii) Set a temporal, proximal and psychological separation between measurements.
This method is related to the way questionnaires should be formed and presented
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to a respondent. For example, divide the questionnaires into sections and describe
each section between the measurement of predictors, by using an introduction
or a cover story (Podsakoff et al., 2003) for every section, as a form of delay
(Malhotra et al., 2002; Podsakoff et al., 2003). Similarly, the original model
i.e UTAUT (Venkatesh et al., 2003) that was used in this study followed the
same approach, in order to avoid the biases within predictors. Furthermore, the
questionnaires were formed by using various response formats e.g. Likert scales,
multiples answers and selections, and media (e.g. Youtube videos and audio) in
delivering the questions to obtain answers from the respondents.
(iii) Choose the appropriate model. The model must have both measurement and
structural part. The use of PLS-PM will utilize both analysis part, which mea-
surement model analyze variable’s loadings and correlations between constructs.
The structural model analyze the path relationship and its significance between
variables in the proposed acceptance model. Compare to ordinary CFA, it only
includes the measurement model (Jukka, 2009).
(iv) The model needs to have a level of size and complexity that is frequently
met in practice. This criterion a is to ensure that the model reflect the practical
environment in IS which acceptance factors are described via various variables.
Moreover, the previous research found that a very simple model would decrease
the validity of the results, and too complex model would implies high computing
power and difficult to interpret. The chosen model consists of six latent variables
and five regression paths between them as described in Section 6.6 on page 172 for
the model M1 (without moderating effects). Furthermore, there are ten latent
variables and 24 regression paths, as described in the model M2 (inclusion of
moderating effects) in Section 6.7 on page 173.
(v) There must be a significant amount of previous research studies on the
proposed-based model. According to Jukka (2009), “this criteria is necessary
to set realistic and appropriate coefficient values for the population model before
data generation”. Hence, the prominent model in technology acceptance studies,
the UTAUT has been used as a framework for formulating a user acceptance of
a WPS model.
(vi) The use of reflective or formative indicators mode. In this study reflective
indicators were chosen based on the guidelines that will be described in Sec-
tion 6.4.1.1 on page 161. Some other reasons for choosing a reflective indicators
are : (a) using different modes of measurement model would potentially bias the
results Jukka (2009), (b) the original UTAUT model by Venkatesh et al. (2003)
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uses reflective mode, and (c) the formative measurement has been criticized in
methodological literature (Jukka, 2009).
(vii) Setting the amount of indicators for latent variables. The minimum amount
indicators for latent variables was set to three, and the maximum amount was
twelve, as presented in Figure 6.6 and Figure 6.7. The reason for these are the
minimum three indicators was accepted as an optimal number in the previous
research (Jukka, 2009). It is also fairly common amount in IS studies (Chin &
Marcolin, 2003), which also low enough to reduce the potential convergence issues
due to over-identification of the SEM model.
(viii) The factor loadings between the indicators were set to 0.50, and will be
described in Section 6.8.1.1 on page 174, as well as 0.70 were set a threshold for
factor loadings between constructs (described in Section 6.8.1.2 on page 176) for
validity testing. This value has been suggested as a minimum standard across IS
studies.
5.4 Theoretical Background
A systematic review of the theoretical model in Chapter 4 has significantly sup-
ported the development of a theoretical framework of this study. As in the pre-
vious studies, those models have been validated through various research studies
in the IS area for the last four decades. Researchers have classified these theo-
retical models in several groups such as: (1) parsimonious, and (2) explanations.
Parsimonious refers to the complexity of the model to explain the phenomenon,
for example, Hyang et al. (2009) found that the TAM appeared as the mostly
accepted model among IS researchers due to its parsimony and empirical sup-
port. The explanations model on the other hand is able to explain and predict
(Gregor, 2006). To choose the best theoretical model that can be applied in this
study, some aspects from the both parsimony and explanations power from the
theoretical model have to be taken into consideration. Previous research, for ex-
ample, Taylor & Todd (1995b) suggested that models should be evaluated from
both parsimony and explanations and their contribution to understanding.
There are some issues that arise in formulating the theoretical framework as well
as defining the constructs and variables in the proposed model of user acceptance
WPSs.
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5.4.1 A WPS is a complex system and voluntarily use.
As discussed in Chapter 2, a WPS is a complex system comprised of a multilevel
process such as capturing user data into user profiles, processing usage data, Web
analytics, and presenting information close to user profiles. In case of extreme
personalization, personalized information delivered via web-based services, social
networking of highly interactive, and rich media websites. Many technologies such
as AJAX, mashups, Wikis, Blogs, and personalized searching. which dominate
Web 2.0 have been used for improving interaction between websites and users.
Using WPSs is voluntary since users are free to use them to suit their own interests
in their daily life. In comparison, a system at a workplace is at mandatory
settings, since users have to use technology to perform their job, for example,
desktop applications, data retrieval systems, and many others.
5.4.2 Actual system use (usage) or intention to use (behavioural
intention)
In the most web applications, there are two types of users, those who use the
application and those who intend to use it. A WPS as described is comprised
of voluntary usage. Both real users and users who intend to use the WPSs are
included in this study. These become independent variables in the model proposed
to measure user acceptance of a WPS.
5.4.3 Satisfaction versus acceptance of the WPSs
The study of user satisfaction and acceptance of a technology has become a crucial
research stream in the IS field. However, user satisfaction is highly subjective and
difficult to quantify because it involves many factors. Moreover, a holistic user
acceptance towards a system should not be confined to just the main features of
a system. In this study, user acceptance is treated as a basic research factor in
the cut and thrust of a WPS.
From the above issues, the complexity of WPSs have been described through
intensive reviews in Chapter 2 and Chapter 4. Since, a WPS is a part of web
services, the use of the systems is in a voluntary manner, where there is no
pressure and users are free to use WPSs. In terms of usage and intention to
use, Moore & Benbasat (1991), Szajna (1996) and Chen (2010) suggested that
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technology acceptance can be measured by both the usage and intention to use
of the systems. Therefore, both usage and intention to use the WPSs are taken
into consideration in this study.
5.5 The proposed WPS acceptance model
(WPS-Acceptance)
The problems related to Web personalization are described in this section. De-
spite the growth of information on the Web, problems in the use of Web services
remain. For example, users facing too much information, difficulties in locating
the information of interest, finding up-to-date and accurate information, as well
as finding adequate information and services via a website.
The problems stated above can be analysed using the lens of web personalization.
As defined in Chapter 2, Web personalization is a technique to present informa-
tion that is tailored to user needs and preferences. It is about data quality on the
web using an intelligent agent for automatic adjustment of the content to a user or
a group of users. From perspective of data quality, the traditional data processing
environment considers quality from two aspects: (i) content of information (e.g.
relevance, accuracy, and completeness), (ii) presentation of information refers to
a snapshot of content that is delivered via the website interface. Furthermore,
current content quality deals with unstructured types of information that build
on web log server as an integral part of modern web personalized systems, that de-
livering personalized features to a user in the e-commerce, social network, dating,
or search engine websites.
All related concepts and issues pertaining to web personalization have been dis-
cussed intensively in Chapter 2 and Chapter 3. This section describes the main is-
sue in web personalization concerning the information retrieval process by users.In
Chapter 7 these problems are identified, and the way they help to formulate a
theoretical model as well as survey instruments in this study is also shown.
Previous research in web applications in e-commerce studies found that there are
three main problems users encounter while acquiring and finding information on
Websites of various types of contents including traditional and hypermedia types
(Nielsen, 2000) These problems are: irrelevant information, cognitive overhead,
and disorientation (Kim et al., 2005), as summarized as follows:
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• Irrelevant information -This problem pertains to the presentation of infor-
mation on a website itself, such as user gain web pages which do not contain
the required information. Some other problems reported are user difficulties
in locating information of interest, finding current, adequate and accurate
information.
• Cognitive overhead This problem refers to the effort and concentration
needed to manage and maintain several tasks or navigation trails simulta-
neously in a website.
• Disorientation problem This problem refers to the tendency to lose the
location and direction of the content, as a result of unclear hyperlinks where
a user needs to find their previous navigation page through the back key.
In the literature, personalization research found that there are two main problems
pertaining to users while acquiring related information of interest via a website:
(i) information overload and (ii) information mismatch.
(i) Information overload refers to the problem that occurs when users faced so
much information that they were unable to attend to all of it (Ho & Tang, 2001).
The rate at which new information is being produced has been increasing expo-
nentially in recent years. It is hard to envision that this rate will slow down in
the next ten years and even harder to envision that it will ever decrease below
the level it is today.
(ii) Information mismatch refers to the actual capability of personalized contents
to be delivered to users compared to their expectation.
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Figure 5.4: A proposed Web Personalization Systems (WPS) Quality Framework
Source: Proposed for this study
The framework shown above illustrates the concept of evaluating personalized
features based on quality from two perspectives: quality of personalized content
and quality of personalized form. These two dimensions satisfactorily encompass
the information retrieval problems of overloading and mismatching of informa-
tion on a website. The framework is proposed to identify factors that help to
solve those problems, and that influence user acceptance of web personalization
systems.
5.5.1 Quality of personalized content
Quality of personalized content can be viewed from three dimensions: content
personalization, time factors, and form. These factors deal with the fundamentals
needed in a personalized website to provide users with quality features such as
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accuracy, relevance, and satisfactory information about user interests. Quality of
personalized content is described by several indicators such as:
Information accuracy - This indicator refers to personalized information con-
tent that is presented to a user free from errors. Errors may occur if the content
presented is not accurate in regard to user profiles, for example, preferences, and
demographic data. Accuracy also assists the reliability of the content during the
retrieval process (Knight & Burn, 2005). Therefore, in terms of personalized con-
tent presented to a user, it is a quality measure, as is conciseness, objectivity,
believability, reputation, and under stability to a user.
Information relevance - This indicator refers to personalized information con-
tent that supports the adequacy of information of interest, which is related to
user preferences. In information science, relevancy can be defined in two main
categories (Lachica & Karabeg, 2008). These categorises define how information
is presented making it relevant to a user. For example, (i) topical relevancy of
the content can be judged by subject area, whereas (ii) user-cantered relevance is
subjective to a user. Therefore, the definition of information relevance is defined
by the extent to which users believe and perceive that the personalized content
presented to them on a website is useful, efficient, up to date, and worthwhile
in regard to user preferences and interests. Relevance can be defined in two
measures: precision and recall, as described in Section 3.3.1.2.
Precision – This indicates the fraction of information presented to users via
URLs or contents that are relevant to user preferences. Given that a set of
personalized contents presented to a user are U. Therefore, U = {u1, u2, u3, . . . un}
are the relevant personalized websites presented to a user, and N is the number
of websites returned to a user as a response to his or her request. Precision can
be defined as:
precision =
∑N
i=1
N
(5.1)
In other words, precision measures the portion of personalized information com-
pared to the amount of content presented to a user, or the proportion of the
amount of relevant personalized content retrieved from the amount of content
presented to a user.
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precision = | {relevant− information} ∩ {retrieved− information} || {retrieved− information} | (5.2)
In the above formula, relevant information refers to relevant personalized infor-
mation presented by a WPS and retrieved information refers to all information
presented by a WPS, based on user preferences, queries, or searches.
Recall – This indicator is the fraction of information presented to users that is
relevant to their interests and successfully retrieved. Recall is pertinent to user
interests and preferences in information content (e.g. previous history, rating,
buying, connecting, etc.). Given that R is the amount of relevant personalized
content presented to a user, R = r1, r2, . . . rn, and r , and r is the amount of
relevant personalized information retrieved by a user. Therefore recall is measured
by the following formula:
recall =
∑R
i=1
r
(5.3)
In other words, recall is the proportion of the amount of relevant personalized
content retrieved compared to the amount of relevant content that exists. Recall
is measured by the following formula:
recall = | {relevant− information} ∩ {retrieved− information} || {relevant− information} | (5.4)
In Equation 5.4 relevant information refers to information delivered by a WPS
that is relevant to user preferences, searches, or queries, and retrieved information
refers to possible information presented to a user.
Information completeness - This indicator refers to the completeness of infor-
mation available for presentation to users for them to complete essential, specific
tasks effectively. For example, users can log in and receive personalized features
as well as update their data. In addition, there is no, less and more information.
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5.5.2 Time
Time deals with delivering information that is reflected in the spatio-temporal
aspect of a user’s session on a personalized website. Time is a crucial factor in
a personalized website. This is because a user is supposed to have a sense of
temporal history to track his/her navigation and keep track of his or her location
on the website.
Maintenance quality - refers to the ability and flexibility features that a per-
sonalized system provides to its users concerning the location or the part of a
website the user browsing. This feature, which exists in most of the portals,
assists users in identifying their location in a website (e.g. breadcrumbs).
Information delivery - refers to the flexibility and comprehensiveness of features
that enables personalized systems able to deliver the content that matches user
expectations and interests, based on user profiles. For example, personalized
emails from Facebook, enable a user to link directly to a comment or an update
of feeds on a friend’s Facebook wall, rather than browsing through friends’ profiles
(e.g. Facebook sending an updated newsfeed from friends’ walls to a user who is
connected to his /her friends page).
Information prevalence - refers to the temporary accuracy of personalized con-
tent delivery to the user. For instance, the list of products in personalized rec-
ommendations, targeting advertisements, and a user’s previous wishlists or other
items (e.g. products and news) that are currently reviewed by other users. More-
over, some websites such as Youtube and eBay deliver a localized advert on its
front page, according to a user’s geographic location.
5.5.3 Form
Form refers to the structure of a website that allows problems of mismatching, for
example, interface, information packaging, and accessibility to be addressed.
Information display - is reflected in the structure of an interface, and refers
to the structural arrangement and style of personalized content, which follows a
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certain standard and consistency throughout a website interface. Furthermore,
personalized features are able to be delivered in multiple ways such as the windows
pop-up, new tab, new page, columns, etc.
Packaging quality - Kim et al. (2005) refer to how effectively a variety of
contents in various media such as the use of Rich Internet Applications (RIA)
(e.g. multimedia and hypermedia contents) for presenting personalized contents
to a user.
Accessibility - refers to the ease, feasibility and effectiveness of personalized
contents that are delivered across multiple browsers (e.g. classic and current
browsers), and a variety of channels (e.g. Smart-phone, tablet PC, PDA, iPod
and iPad).
5.6 Research model
From the above discussion of the WPS-acceptance framework (as proposed in
Section 5.4 on page 130) which focused on personalization studies, a proposed
research model for defining the relationships between constructs and indicators,
based on research questions was developed. Although an examination of the tech-
nology acceptance studies in Chapter 4, found that several approaches and models
have been for defining, explaining and predicting user acceptance of technology,
only one theoretical model will be employed in this study.
Based on the literature, the constructs defined throughout the nine theoreti-
cal models are consolidated and integrated into each other. For example, TRA
has defined the acceptance via attitude, relative importance, subjective norms to
influence intention, and actual usage of technology. The outcome from the formu-
lation of TPB, extended these constructs by extending behavioural, normative,
and control beliefs. The use of beliefs in TPB is to define the degree to which
users will perform their behaviour towards a technology. In addition, TPB itself
has been extended to DTB for explaining and predicting user behaviour toward
technology (Pavlou & Fygenson, 2006; Taylor & Todd, 1995b). It was proved
that TAM was suggested that perceived usefulness (PU) and perceived ease of
use (PeOU) by a user are major indicators of user acceptance of a technology.
These indicators were then modified and applied via C-TPB-TAM, as well as
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in UTAUT. From UTAUT, both PU and PeOU were redefined as performance
expectancy (PE), and effort expectancy (EE), respectively.
Across the nine theoretical models mentioned above, the UTAUT was chosen
as a framework for the following reasons: (i) the original model by Venkatesh
et al. (2003) accounted for 70% of variance in explaining intention and 50% in
actual use of a technology. (ii) the model was accepted as foremost in research by
The Journal of Economics and Business with more than 3000 citations in 2009
(Bisphenol, 2009), and (iii) the model was simplified, and integrated with the
unified views of technology acceptance by the inclusion of moderating effects.
The research model presented in Figure 5.5 was based on the original UTAUT and
extensions to suit the Web personalization of facilitating conditions and moderat-
ing variables: experience and skills. The original UTAUT model will be modified
with the facilitating conditions of a WPS that are driven by the WPS-acceptance
framework defined in Section 5.5.1 on page 130 and Section 5.4 on page 130
Figure 5.5: Research Model
Source: Proposed for this study
Based on Figure 5.5, the causal relationship between dependent variables and
independent variables represented the research Hypothesis. There are four mod-
erating effects: (1) gender, (2) age, (3) skills, and (4) experience. Compared to
the original UTAUT model by Venkatesh et al. (2003), voluntaries moderator
effects, has been replaced by skills, since the WPS is freely available for Internet
users.
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There are nine relationships, based on the research model as presented in Ta-
ble 5.3.
Table 5.3: Causal Relationship
Direct relationship Moderate relationship
Relationship between performance ex-
pectancy (PE) to intention to use (BI)
of a WPS.
PE*GENDER
→BI
PE*AGE→BI
Relationship between effort expectancy
(EE) to intention to use (BI) of a WPS.
EE*GENDER
→BI
EE*AGE→BI
EE*EXP→BI
Relationship between social influence
(SI) to intention to use (BI) of a WPS.
SI*GENDER
→BI
SI*AGE→BI
SI*SKILL→BI
SI*EXP→BI
Relationship between facilitating con-
ditions (FC) to usage (USE) of WPS.
FCs*AGE→USE
FCs*EXP→USE
Relationship between intention to use
(BI) to usage (USE) of a WPS.
No moderating relationship
5.6.1 Rationale of the proposed moderating effects
Based on Table 5.3, there are some rationales behind the hypothesized moderating
relationships in the research model, such as follows:
Gender and age on PE to BI - The previous works proved that gender and
age played a moderating role in what a user believes about their perceived use-
fulness towards a system. For example, according to Venkatesh et al. (2003)
the studies on job-related attitudes (e.g., Hall and Mansfield 1975; Porter, 1963)
suggested that younger workers may place more importance on extrinsic rewards
(e.g., monetary values). Furthermore, in psychological studies, gender and age are
used simultaneously to test job-related factors, as well as in acceptance technol-
ogy studies (Venkatesh et al., 2000, 2003). Hence, the influence of PE is expected
to will be moderated by both gender and age.
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Gender, and age and experience on EE to BI - As noted above, gender and
age are expected to moderate the way a user believes in the usefulness of a WPS.
Both gender and age are also expected to moderate the relationship towards
user belief in the ease of use of a WPS. This idea is supported via the previous
works, Venkatesh et al. (2000) that posited that increased age has been shown
to be associated with hindering the processing of complex tasks and allocating
attention and information, particularly when using software systems (Lynott and
Mccandless, 2000). Additionally, effort expectancy is a strong determinant of
individual intention in the use of a system by mandatory setting for women
(Venkatesh & Davis, 2000; Venkatesh et al., 2000). In relation to user experience,
web quality studies suggest that branding, usability, functionality, and content
of a website can often turn into a subjective affair between users and a website
(Robert, 2004). Hence, similar to both gender and age, experience is also expected
to moderate the way a user believes in ease of use of a WPS.
Gender, age, experience and skill on SI to BI - As explained previously, both
gender and age are complementary and they have a moderating effect towards
usefulness and ease of use of a WPS. Experience and skill are also expected to
have an influence on the relationship between social influence and intention to use
a WPS. SI that is related to what other people believe is widely used in marketing
research as well as technology acceptance studies. With the proliferation of social
technologies on the Web, the experience and skill of users is expected affect not
only themselves, but other users as well, and in turn it will affect user intention to
use a WPS. Additionally, the previous work suggested “the role of social influence
in technology acceptance decision is complex and subject to a wide range of
contingent influences” (Venkatesh et al., 2003). For example, women tend to be
more sensitive to other opinions and depend on the influence of others for their
intention to use a technology, particularly for those whose experience and skill is
declining (Venkatesh & Davis, 2000).
Age and experience on FCs to USE - Facilitating conditions (FCs) of a WPS
related to the organizational and characteristics that able to support WPS us-
age. In other words, the degree to which users believe that an organizational
infrastructure exists to support the use of a system (Venkatesh et al., 2003).
From the previous work (e.g. TPB and DTPB), FCs are modelled as direct an-
tecedents of usage of a system (Ajzen, 2002; Rogers, 1995), where the effects are
expected to increase with the experience of users, since “users of technology find
multiple avenues for help and support throughout the organization, thereby re-
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moving impediments to sustained usage” (Venkatesh et al., 2003). Furthermore,
in complex technology usage, increasing cognitive and physical limitations are
associated with age and experience (Venkatesh & Davis, 2000; Venkatesh et al.,
2000). Thus, both age and experience are proposed to moderate the way a user
uses a WPS.
5.7 Research Hypotheses
Based on the research model and causal relationship between independent vari-
ables, dependent variables, and moderating effects, research hypotheses are pro-
posed as presented in Table 5.4 . The nine relationships are hypothesized accord-
ingly to the path, as presented in the research model.
Table 5.4: Research Hypotheses
Hypothesis Description
Hypothesis H1 Performance expectancy will have a positive significant
effect on behavioural intention to use WPS.
Hypothesis H2 Effort expectancy will have a positive significant effect
on behavioural intention to use WPS.
Hypothesis H3 Social Influence (SI) will have a positive significant effect
on behavioural intention to use WPS.
Hypothesis H4 Facilitating Condition (FC) will have a positive signifi-
cant effect on the WPS usage.
Hypothesis H5 Behavioural Intention to use WPS (BI) will have a pos-
itive significant effect on the WPS usage.
Hypothesis H6 The influence of performance expectancy on behavioural
intention moderates by gender and age, such that the ef-
fect will be stronger for men and particularly for younger
men.
Hypothesis H7 The influence of effort expectancy on behavioural in-
tention moderates by gender, age, and experience, such
that the effect will be stronger for woman, particularly
younger women, and particularly at the early stage of
experience.
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Hypothesis Description
Hypothesis H8 The influence of social influence on behavioral intention
moderates by gender and age, skill, and experience, such
that the effect will be stronger for men and particularly
for younger men.
Hypothesis H9 The influence of facilitating conditions on usage moder-
ates by age and experience, such that the effect will be
stronger for younger users, particularly with increasing
experience.
5.8 Chapter summary
This chapter was twofold. Firstly, it discussed the methodology used for this
research, as described in Figure 5.1. It presented the flow of this research from
defining a problem, framework development, research model, survey design and
statistical validation, and concluded with data analysis and findings. Further-
more, the survey development process and some issues related to questionnaire
design, pilot survey, ethical clearance and potential bias was described. Two types
of bias ,i..e. non-response bias and CMV have been briefly described together with
the approaches to control and minimize these biases.
Secondly, the hypothetical background which related to formulating a framework
and defining the constructs was described. This background was based on the
capability of theoretical models which focused on the complexity and explanation
power of the models. To suit a WPS, some issues such as complex and volun-
tary settings, actual use and intentions, as well as acceptance and satisfaction,
were described briefly. Based on the issues pertaining to a WPS, such as user
information Web searching, particularly on a WPS, the WPS Quality Model was
conceptualised. Characteristics of quality information on a WPS were explained,
and will be used further in Chapter 6 for determining antecedents of user accep-
tance, by mapping the quality features into user acceptance of a WPS. This task
made comprehensive use of CI metrics on acceptance measures.
Chapter 6
SURVEY DESIGN AND EVALUATION
6.1 Chapter Introduction
This chapter demonstrates the survey design and its evaluation technique intro-
duced in Chapter 5, including questionnaire development, survey instruments, as
well as the process to analyse survey data for research purposes. Hence, the first
section presents the survey development process and its instruments that define
the antecedents of user acceptance measures in the proposed research model, as
described in Chapter 6. Furthermore, the methodology for evaluating survey re-
sponses data is presented in the next section. The procedure for evaluating survey
data, as well as statistical validation is covered in the introduction of the struc-
tural equation modelling (SEM), by utilizing component-based analysis through
the partial least squares path modelling (PLS-PM) for SEM technique.
6.2 Determining antecedents of user acceptance
This section describes the antecedent factors from the behavioural study for mea-
suring user acceptance of a WPS. From the previous study, this study argued that
the effect of a WPS on users was also related to personality traits in choice be-
haviour (Finn & Louviere, 1990; Gensch, 1987; Ho et al., 2008), which described
how users interact with transaction-driven personalization. The following shows
the antecedents of WPS acceptance based on the UTAUT framework, defined by
UTAUT’s constructs:
140
141
6.2.1 Performance Expectancy (PE)
Perceived performance expectancy measures how the function of a personalized
system helps user performance in personalized websites. Basically, perceived per-
formance indicates a user’s intrinsic motivation to use a WPS. As mentioned in
previous research using TAM, if users believe that the computer system will en-
hance their job performance and support their tasks, they will most probably use
the system. Based on earlier acceptance research, the current research suggests
that perceived performance expectancy has a significant influence on intention to
use a WPS. Moreover, performance expectancy of a WPS is proposed through
the following indicators:
6.2.1.1 Accurate delivery of interesting information
Personalized services on a website would facilitate user acquisition of website in-
formation by filtering information, matching queries, and recommending contents
(e.g. articles, products, and news). Therefore, personalized services must be ef-
ficient in providing information to users easily. The service should be able to
remove unused and redundant information flow using personalized services (e.g.
recommender systems) such as Collaborative Filtering (CF).
Adequacy of information on a personalized Website to a user reflects the in-
formation quality (IQ). The quality indicates to what extent the personalized
information is complete and is of assistance to users. In a WPS, adequacy of
information is supported by Informativeness which is defined as the degree or
state of demanding notice or attention to a subject.
In a website, Informativeness is defined as the extent to which the personalized
service provides a user with resourceful and useful information (Luo, 2002). It is a
perceptual construct that illustrates whether users consider that the personalized
service provided them with sufficient information that they consider valuable
(Ducoffe, 1995; Wang et al., 2002). Hence, to evaluate to what extent a WPS
is capable of accurately delivering information close to a user’s interests, the
following measure is proposed:
PE1 A personalized website delivers information
of my interest more accurately.
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6.2.1.2 Improved user capability in locating information
The user’s need for adequately personalized information in a website is subject
to various factors such as time consumption, expert advice, and recommendation
links. For example, in advertising a content delivery service, being time consum-
ing relates to a long response time by personalized service, and whether a user
prefers to wait until sufficient information is delivered. Furthermore, adequacy of
personalized information may also be delivered through expert advice, research
reports, hyperlinks to related Websites, contact information, and archives, not to
mention the core offerings.
In addition, one of the WPS capabilities for users is to ease the location of in-
formation on a website. For example, the recommender system used to locate
information of interest to web users in a website such as Amazon, CDNow, and
Google. This locating can be done via user data that is collected implicitly (e.g.
web logs) and explicitly (ratings). Moreover, there are also e-learning websites
that provide personalized information to users and assist the learning process
(Khribi et al., 2008). Another example is that of Youtube that provides related
videos to a user based on user searches, as well as eBay that lists products based
on a user’s last visit. To evaluate how a WPS supports performance expectancy
in locating information, the following measure is proposed:
PE2 A personalized website improves my capabil-
ity in locating information that I need.
6.2.1.3 Increased productivity in acquiring information
Generally, user productivity when spending a certain time on a website can be
measured through the duration of time spent on their productivity tasks, i.e.
finding and acquiring information of interest. Therefore, in a WPS some features
support user productivity for acquiring information. Recommendation of items
on Amazon.com, targeting ads according to user locations, or recommendation
pages and friends in Facebook, are examples of the ways a WPS is capable of
increasing user productivity. These features are able to eliminate time wasting
when a user searches and finding information on those websites (Khribi et al.,
2008). Furthermore, a WPS also increases user productivity by allowing users to
access information close to their preferences. For example, in a news portal, news
relating to user searches is listed, and captured for a next visit. Another poten-
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tial to increase productivity by using a WPS is through delivering contents using
the AJAX application. This application supports dynamic features on websites.
Nowadays. Most of the AJAX technology is delivered through e-commerce web-
sites (Lawton, 2007). For example, customer contact forms, dynamic shipping
calculations, and interactive maps. Hence, to evaluate how a WPS supported
performance expectancy in increases productivity, the following measure is pro-
posed:
PE3 A personalized website increases my produc-
tivity in acquiring information.
6.2.1.4 Quicker retrieval of relevant information
As defined Section 5.5.1, relevancy refers to personalized content that supports
the efficient information matches of user preferences. The degree of relevant
information received by a user pertaining to their preferences is hypothesized to
support PE. Moreover, providing relevant information to users based on keyword
or previous searches is the most valuable personalized information for Google’s
users. For instance, keyword input by users through a search box will be processed
by the Google engine by comparing all documents stored in user index data, and
presented according to relevant ranks, including the URL of related contents.
This technology is a key innovation of Google, called pageRank.
Furthermore, several studies found that websites are the most utilized resources
for a user researching a product (Lauren, 2010). Therefore, in many e-commerce
websites such as eBay and Amazon.com, removing unwanted information and
presenting information about a product is a crucial task. For example, a user
can simply obtain a list of items that they want through personalized informa-
tion, e.g. a list of related products, a list of item ratings by another user, or
even their own previous wishlists. These features help a user to find and acquire
relevant information efficiently. Hence, to evaluate how a WPS supported per-
formance expectancy in providing relevant information, the following measure is
proposed:
PE4 A personalized website enables me to get rel-
evant information more quickly.
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6.2.2 Effort Expectancy (EE)
Effort expectancy measures “the degree of ease associated with the use of a per-
sonalized system”. For example, perceived ease of use emphasizes user belief
that using a particular system does not require any extra effort on their part, in-
cluding use and learning to use (Venkatesh et al., 2003). However, Davis (1989)
asserted that the system that is perceived as being easier to use is more likely
to be accepted by a user. Additionally, Mathieson et al. (2001) suggested that a
person with high expertise may feel that a system is easier to use, than a person
with low expertise feels it is. According to the literature it is expected that effort
expectancy will influence users to use a WPS, through the measures below:
6.2.2.1 Clearer understanding of interactions
Personalized services such as filtering information, matching queries, and recom-
mending contents (e.g. articles, products, and news) on a Website would assist
and influence users in acquiring information. Therefore, personalized services
must adequately display the necessary information for users to make the site
user friendly for acquiring information. The services should be able to remove
unwanted and redundant information streams using personalized services (e.g.
recommender systems) such as collaborative filtering (CF).
A clear and understandable interaction between a user and a WPS reflects its
functionality. Research shows that a lack of such clear and understandable inter-
action may reduce a user’s effort in finding information when navigating through
a WPS and it will be a big barrier to the accessibility of information in a website
(WebAim, 2010). The lack of understanding will then cause users to put more
effort into finding and acquiring information close to their interests, thus, finding
information is made more difficult.
Moreover, functionality concerns the extent to which web contents support users
in finding information. For example, users had a clear navigation in a WPS, since
it is a dynamic system that has many features and interactions. In a WPS, the
interaction between the user and the website can be complex. Hence, if a user
does not understand the features and interactions, he or she may not be able
to complete the necessary tasks in finding information. To evaluate how a WPS
supported effort expectancy in interaction, the following measure is proposed:
145
EE1 My interaction with a personalized website is
clear and understandable.
6.2.2.2 Ease of becoming skillful
In this study, ‘skillful’ refers to how users have knowledge and skills such as finding
information, giving information, and navigating through personalized websites.
In the previous research, the term ‘skillful’ has been used as a measure of perceived
ease of use of the system (PEOU) such as in TAM (Davis, 1989), complexity, and
ease of use (Moore & Benbasat, 1991) and cognitive-based (Cahoon, 1998). That
is, if the system is easy for users, then they will become skillful at using it.
Moreover, other researchers test whether the system is easy to use and increases
user skill. In a WPS, how a user becomes skillful at using the system is significant
to test to measure to what extent a user accepts the system. To evaluate how
a WPS supported effort expectancy in regard to being skillful, the following
measure is proposed:
EE2 It would be easy for me to become skillful us-
ing personalized websites.
6.2.2.3 Ease of learning
In general, ease of learning to use a website is related to website usability, which
reflects a user’s belief in the usefulness of a website. For example, with the
complex interactions and services on a website, ease of learning may support a
user to navigate through a WPS, in finding and acquiring information close to
their interests. Ease of learning to use a WPS is significant in retaining new users
to a website, as well as retain the existing users. In relation to TAM, ease of
learning is a part of perceived ease of use (PEOU), which refers to user belief
that using a computer system will be effortless. In the on-line transactions such
as in a WPS, the PEOU applies as perceived ease is the extent to which a user
believes that learning to use a WPS would be free of effort.
Additionally, the PEOU is viewed as a control belief that develops behaviour of
users in acquiring information. For example, if an e-commerce Website is noticed
as being easy to acquire information, it is likely to increase user ability and trust
in acquiring information. In terms of WPS, PEOU refers to the extent to which
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users believe that acquiring information from the personalized websites would
be free of effort, while the easier it is to acquire personalized information most
likely leads to trust in the information acquired. This result, developed from
the characteristics of a good WPS which mediates information seeking strategies
(Collins & Joseph, 2002), which are also based on other users judgments on such
features as the efficiency and effectiveness of a WPS. To evaluate how a WPS
supported effort expectancy in learning, the following measure is proposed:
EE3 Learning to use personalized websites is easy
for me.
6.2.2.4 Ease of retrieval of interesting personalized information
With the complex personalized features on the web, user perception of ease of
obtaining information that was tailored to their preferences and interests is signifi-
cant to measure. Such a measurement would indicate that information is provided
to users within a desirable time frame, and reduces user effort in acquiring infor-
mation. In some studies how easy it is for users to acquire information is reflected
in usability issues. For example, in e-commerce websites, the capability to display
users saved watch lists (e.g. Amazon and eBay), provides a relative feedback and
guide for on-line shopping (Roger et al., 1998); good communication for electronic
payments; and using RSS syndication for tailoring information to a user (Zongli
& Xiaojia, 2010). To evaluate how a WPS supported effort expectancy in ease of
obtaining information, the following measure is proposed:
EE4 It is easy to get personalized information of
my interest via personalized websites.
6.2.3 Social Influence (SI)
In the previous acceptance studies, e.g. TPB, SI refers to normative beliefs.
It reflects the normative expectation of peer and colleagues (Fishbein & Ajzen,
1975) towards a system. For example, the pressure of others who have a power
of influence over (e.g. family and friends) may encourage users to accept WPS.
The previous researchers suggested that peer behaviour has an influence on other
users’ actions.
On the other hand, some earlier researchers have dropped normative belief (so-
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cial influence) due to its belief specify the referent others (e.g. family, friends, or
society). These suggested factors will not influence user attitude and control of
behaviour in using the Web. Additionally, other researchers argued that in the
context of using technologies, Loia & Luongo (2001) and Loiacono et al. (2007)
argued that whether the user will use a specific website is not impacted by an-
other’s influence in the use of a particular website. It is a private affair, not
visible to peers or friends. Peers or friends influence might impact on a website
in general, but not to revisit a particular website. However, in WPS most of the
systems depend on other users ratings of features and items. For example, Ama-
zon.com provides the facility for users to rate products and recommend products
to users based on other users ratings. Therefore, the influence of SI is evaluated
via the following three elements:
6.2.3.1 Influence of other close individuals
The influence of close individuals such as family and friends and peer group has
been studied by psychologists under the social impact theory (Latane, 1981). This
theory stated that human behaviour is intentionally or unintentionally influenced
by others . For example, the way the influence of others affects an individual’s
behaviour can be approached in several ways: (i) A great number of influences
with many people pushing in the same direction to influence an individual; (ii)
the extent to which an individual values other people’s opinions; and (iii) the
level of immediacy and proximity of the influence, which is related to the level of
closeness to the individual who is being influence.
In terms of user acceptance of a WPS, this measure tries to investigate whether
some influences from family and friends will directly influence user perception of
intention and usage of a WPS. To evaluate whether other close people influence
users in using a WPS, the following measure is proposed:
SI1 People who are important to me (e.g. family
and friends) think that I should use person-
alized websites.
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6.2.3.2 Influence of providers
Apart from family and friends, service providers also play an important role in
influencing users to use a WPS. For example, the provision of clear guidance in
using a WPS, is expected to influence users to use a WPS, and return for the next
visit. For instance, such guidelines are the use of the frequently asked questions
(FAQ), tutorials and guides on snapshots of websites, demo versions, as well as in
on-line chatrooms where a user is able to interact in real time a support team.
The role of the providers of a WPS will be investigated via user opinions of some
guides provided by vendors or personalized services to facilitate user intention
and WPS usage. To evaluate whether a provider supports users in providing
guidelines for using a WPS, the following measure was proposed:
SI2 The providers of personalized websites often
provide useful guides for using their website.
6.2.3.3 Potential for a user to influence other users
Users are also expected to have an effect in influencing other users to use a WPS.
In connection with the measurement of social influences on the use of a WPS,
it is necessary to look at how the usability of a WPS would affect other users.
By using social networks, search engines and e-commerce websites, a user can
spread information about the ability of a WPS in providing relevant information,
quickly and productively to existing or future users among family and friends.
Moreover, users would be also able to influence other users by suggesting a social
network or e-commerce website. This influence would be able to help their family
and peers to know about information sharing, trust, privacy, and building a new
relationship through such websites (Dwyer et al., 2007).
This measure was used to investigate to what extent a user will recommend a
WPS to their relatives and peers. To evaluate whether a user itself will influence
other users for using a WPS, the following measure is proposed:
SI3 I will recommend personalized websites to my
family and friends.
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6.2.4 Facilitating Conditions (FC)
Facilitating conditions refers to the degree to which an individual user believes
that an organizational and technical infrastructure exists to support the use of
WPS. FC reflects users’ intrinsic motivation to use a system (Venkatesh et al.,
2003), where they perceive support for using a WPS in technical areas, resources,
and specific characteristics.. Hence we proposed that FC can be assessed via the
measures below:
6.2.4.1 A complete security policy
Security and privacy are aspects to be considered in on-line transactions. George
(2004) stated that information security, and privacy-related matters have caused
users to be careful in making on-line transactions. According to Cheung & Lee
(2001), protection also related to security, which refers to user trust in the vendors
not to abuse their information. In fact, some vendors such as Amazon used a third
party such as Akamai (http://www.Akamai.net) for providing databases about
users. Thus, information protection of privacy and security concerns would be an
obstacle to users when giving information on the website via electronic forms,
as well as to a WPS that heavily relied on user information.
Perceived risk is the subjective belief of suffering a loss in pursuit of a desired
outcome (Featherman & Pavlou, 2003). According to Jarvenpaa et al. (2000)
the perceived risk for giving information reduces user intentions to engage in e-
commerce transactions. Therefore, it is important for personalized websites to
have a clear security policy, to ensure that all transactions on websites are bound
by security measures. Therefore, a clear security policy provided by the per-
sonalized service is important to ensure that users are supported and facilitated
in terms of information that delivers, and circulates on personalized websites.
For instance, many websites provided policy statements such as: (1) information
users choose to provide, (2) website use information, (3) user consent, and (4)
provider commitment to security. To evaluate user belief about security policy
on a WPS, the following measure is proposed:
FC1 I will use a personalized website that provides
a complete security policy.
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6.2.4.2 Non-intrusive delivery of information
Intrusive is referred to the way website contents intrude or prevent users from
acquiring information. For example, banner advertisements, videos and in partic-
ular, user activity tracking tools. Many of the e-commerce and other popular US
websites utilize tracking tools (News, 2010). It is reported that Dictionary.com,
MSN.com, and Google utilized hundreds of tracking tools for capturing user ac-
tivity and for targeting advertisements. These intrusive methods result from a
website’s slow response in presenting information to users, since user activities are
captured and sent to the data-gathering company for targeting ads and tracking
user click-stream (Wallstreet Journal, 2010).
Furthermore, intrusiveness refers to the situation where users are interrupted by
time-consuming delays while browsing websites. Delays are one of the most fre-
quently cited and highly rated concerns of website usage. Some studies suggested
that more than one third of Web users leave websites after facing excessive de-
lays (Davis & Hantula, 2001; Dennis & Taylor, 2006). Some websites have an
obstacle on download delay, which refers to the amount of time needed for a web
browser to display the requested information or pages. It is also related to the
time spent on the page for information to be displayed or uploaded, which de-
pends on service delay. Therefore, download delays act as one of the obstacles
for the user when acquiring information and increases the difficulty of users in
acquiring information. In addition, a WPS is expected to use “cookies” and other
tracking tools for monitoring user activities in order to present information close
to user preferences. To evaluate whether intrusiveness of a WPS influences users
to employ a WPS, the following measure is proposed:
FC2 I will use a personalized website that delivers
personalized information in a non-intrusive
manner.
6.2.4.3 Benefits despite intrusiveness
Some personalized websites such as news portals are intrusive for a user. For
example, presenting auto-playing videos when a user enters a website, until the
user stops it. Fairfax Digital Australia for example, had planned to drop its
auto-playing news video due to intrusiveness (Fairfax, 2010). Furthermore, one
previous research found that a significant intrusion on a website is coming from
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advertisements. For instance, advertisements that visually obscure the website
contents are perceived as more intrusive than unobtrusive advertisements. The
way advertising intrudes on a user’s behavioural intention to use a website is
dependent on the size, type and location of the advertisement (McCoy et al.,
2007).
Although intrusiveness makes a user dislike visiting a website, there are also ben-
efits offered by the intrusiveness in terms of WPS. In fact, some e-commerce web-
sites utilized profile-driven approaches for turning intrusiveness from aggressive
advertisements to supportive advertisements For example, Amazon.com utilized
a recommender system to present supportive ads (Shannon & Aaron, 2009) to
users by tracking user activity (e.g. products viewed and ratings), and then pre-
sented personalized information in the form of a wish list and related products
within searches and added them to the cart. To evaluate whether a user accepts
intrusiveness for personalized information, the following item was proposed:
FC3 I will use a personalized website that delivers
personalization information in an intrusive
manner due to its added benefits.
6.2.4.4 Tracking of user activity in delivery information
According to Kobsa (2007), following the increase in the information available
on the web, the diversity of its users and the complexity of web applications,
researchers started developing adaptive web systems that tailored their appear-
ance behaviour to individual users and or group users . Adaptive systems were
designed for different usage contexts, exploring different kinds of personalization.
Web personalization has evolved into a large research field attracting scientists
from different fields such as hypertext, user modelling, machine learning, natural
language generation, information retrieval, intelligent tutoring systems, cognitive
science, and web-based education.
Furthermore, by using a personalized agent, e-commerce websites such as Ama-
zon.com and eBay always track their user activity to provide personalized infor-
mation via recommendation of items, wish lists, related products, as well as a
user’s last visited products. These can be implemented through a web analyt-
ics agent and a personalization process such as identifying a user from multiple
browsers and computers, defining segments and personalizing each segment, lever-
age the viral marketing through ads, present personalized and relevant contents
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(e.g. articles and products) to every user and visitor based on their profile and
interests. To evaluate a user belief in tracking features to facilitate personalized
information, the following measure is proposed:
FC4 I will use a personalized website that keeps
tracking my past visits to deliver personalized
information.
6.2.4.5 Reputation of providers
Reputation of a website provider refers to well-known, well-established providers
who are respected. Such a good reputation may come from word of mouth, by
third parties, or the press about the security of their on-line transactions (e.g.
less credit card fraud, open and honest privacy policy, and providing impeccably
credentialed business standards). Generally, established providers who provided
personalized services via Websites, such as Amazon.com are held in high esteem
by users and visitors, based on their track record as an on-line bookstore. More-
over, a good reputation is also reflected in the guarantees of protection of a user’s
personal information, and confidence from promises on the Website.
Research shows that website providers have taken many approaches to building
and overcoming user trust barriers in an e-commerce Website (McKnight et al.,
2002). Such barriers to a user’s trust in a website are losses due to a credit card
fraud; weaker privacy policy on a website; and no transparent transactions. In
terms of a WPS which heavily depends on implicit user personal information,
the reputation of Website provider becomes essential in order for users to trust a
website before giving personal details for personalized features on a website.
FC5 I will trust a personalized website provided by
a company with a good reputation.
6.2.4.6 Matching user expectations
User expectations can be defined as the consistency that users expect about
personalized Websites that they visit. For example, if users anticipate that a
personalized Website matches their prior expectation then it is proposed to in-
fluence a user’s navigational behaviour. User expectation is widely used in IS
theories as a predictor of user perceived effectiveness of an IS. According to Sta-
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ples et al. (2002), user expectations have a potential to make an impact on the
perceived benefits from using the new IS. Research in user expectations on Infor-
mation System (IS) has become essential since the advancement in technologies,
and purportedly by creative media creating a higher user expectation (Jonathon
et al., 2008; Seddon, 1997; Sandhu, 2008).
Furthermore, previous studies show that competent users expect appropriate ad-
vanced applications, while lower skilled users are demanding user-friendly appli-
cations with simple user interfaces (Jun et al., 2004; Staples et al., 2002). In terms
of a WPS, user expectations can be viewed as a perceived net benefit (PNB) that
users expect after browsing personalized websites. The PNB is a perceptual mea-
sure of a net benefit (Jonathon et al., 2008; Seddon, 1997; Seddon et al., 1999),
and it captures not only user satisfaction but also other dimensions such as ef-
fectiveness of a WPS. The following indicator is used to evaluate user belief that
having their expectations matched will assist a user on a WPS:
FC6 I will use a personalized website that delivers
information which matches my expectation.
6.2.4.7 Accessibility in multiple platforms
One of the greatest advantages of web technologies is the portability of web
contents on the server which allows users to acquire information about products
and services virtually anywhere and anytime throughout the globe via a web
browser. The portability of a website can be called the possibility of surfing
the web contents on different browser interfaces (e.g. Internet Explorer, Mozilla
Firefox, Safari, and Flock). If personalized contents are portable, users are able
to acquire information from cross browsers easily. Thus, simplifying their ability
to acquire information from various media.
To evaluate a user belief that portability facilitates a user on a WPS, the following
measure is proposed:
FC7 I will use a personalized website that is ac-
cessible via multiple platforms.
154
6.2.4.8 A proper multimedia content
A WPS is definitely different from a general website, since it requires a complex
interaction between users and websites. Compared to a static website, some in-
teractions are useful in providing a user with current and effectively information,
using multimedia contents. Therefore, the way information is presented to a user
is expected to facilitate to the use of a WPS. Nowadays, many WPSs utilize mul-
timedia contents by using technologies such as Macromedia and Asynchronous
JavaScript and XML (AJAX), to facilitate users using their website. Clearly,
personalized websites such as eBay, Facebook, and Amazon utilized such tech-
nologies for integrating information display and increased the number of visitors
on websites.
Media capability (Cao et al., 2005; Hacklin et al., 2010), refers to the non-verbal
cues or features about the services that can enhance the Web user’s preference for
a Website, which can also fulfills individual information needs, engender trust,
and facilitate better learning experiences (Cao et al., 2005). A proper rich media
capability can be perceived through the use of multimedia features on person-
alized Website such as sound clips, video clips, and flash applications to deliver
personalized features, which are suitable and which do not obstruct the usabil-
ity of personalization. The design of personalized Websites that employ a proper
rich media capability to deliver and tailor information to users, will influence user
navigational behaviour. Therefore, the following measure is proposed:
FC8 I will use a personalized website that employs
a proper use of rich media content to deliver
the relevant information.
6.2.4.9 A better web experience
In Web quality studies, a user’s positive experience with a Website, that his or her
enjoyment and control leads to a greater trust by a user in navigating a Website
(Flavinn et al., 2006; Hernandez et al., 2009) and repeat usage (Nicholas et al.,
2007). Moreover, Website characteristics play an important role in providing
users with a positive experience on an information-searching Website. Positive
experience can be referred to how a personalized Website design, creates a joyful
experience such as being interesting, and entertaining, as well as informative, and
which might involve the use of multimedia. Website design nowadays consists
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of new and advanced technologies such as Rich Internet Application (RIA), by
employing AJAX with adobe Flex technology to provide multimedia features.
The factors that influence user experience in a Website are also applicable to a
personalized Website. The attractive design that provides a positive experience
(i.e. pleasure and entertainment) of a personalized service in a personalized Web-
site can be gained through the application of the RIA technologies in delivering
personalized features. For example, through internal search engine optimizations
using AJAX that able to recommend keywords after users type the first letter in
a search box. Moreover, using such technologies allows the possibility of having
personalized contents in interactive pop-up windows, columns, and new tabs in
a Web browser. These features will have a positive effect on a user’s experience
on a personalized Website and will leads to continuing use of a Website. Unique
experience can be reflected in various aspects of using a WPS that a user believes
will create an experience for them, which is unique. For example, enjoyment, bet-
ter quality of output presentation, and learning satisfaction. To know whether a
better web experience offered by a WPS facilitates a user, the following measure
is proposed:
FC9 I will use a personalized website that creates
a better web experience.
6.2.4.10 Quality visualization of recommender items
Visualization appears as an executing process in emerging research in a Service-
Oriented Computing (SOC) domain (Yuan et al., 2010). In this indicator, how
a user perceives visualization to be appealing on a WPS to facilitate them in
finding and acquiring information, as well as navigating through WPS will be
investigated. Visualization can be captured by the way personalized information
is presented to users. For instance, graphics and list of items are common features
in e-commerce websites that employ personalized information, i.e. eBay and
Amazon.com. How a user observes visual approaches on a WPS to assist them
with their goals and use of a WPS, is seen to be an acceptance indicator. The
following measure is proposed:
FC10 I will use a personalized website that of-
fers good visualization of recommended items
(e.g. products, news, friends).
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6.2.4.11 Provision of help tools to support a user
Help tools are common place on a website, as well as on a WPS. For example,
some supports are provided by a provider such as on-line live chat, or an email
and contact details about providers. Additionally, eBay provides the help pages
that can be accessed easily by a user. These help tools increase user ability to
gather information about various topics such as bidding and buying, searching and
researching, membership, being a buyer or seller. Youtube assists their users by
providing the section help centre, support forum and frequently asked questions
(FAQ). Through the help forum, users are able to converse with other users about
their tasks (e.g. finding a video, uploading videos, and watching videos). These
service facilities support a user in obtaining relevant information as well as being
an effective in the use of websites. Moreover, in a long term, support functions
will generate a user to retain on a website and revisit again.
To investigate whether help tools provided by a WPS facilitate a user, the fol-
lowing measure is proposed:
FC11 I will use a personalized website that has help
tools to deal with difficulties.
6.2.4.12 Facilities for sharing personal details
One of the Web personalization issues is sharing personal details on the web. It
relates to a user’s privacy and security while browsing a website. Moreover, from
a marketing research finding, users are concerned with revealing their private in-
formation on-line (George, 2002). These include security and privacy breaches,
perceived risks, and reluctant to give information, of all, which are bound to
privacy concerns and issues. Previous research shows that the relationship ex-
change between users and Website providers involving on-line transactions and
personal details is low due to reputation issues. For example, almost 95% of the
e-commerce users declined to provide personal details on a Website (McKnight &
Vivek, 2006). Additionally, about 63% of these users do not trust the providers
(Hoffman et al., 1999; McKnight et al., 2002). To indicate whether users are
willing to share personal details to facilitate a WPS, the following measure is
proposed:
FC12 I am pleased to provide personal details in or-
der to obtain improved personalized features.
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6.2.5 Intention to use and the usage of a WPS
For the aspects of intentions to use WPS, BI and the usage of a WPS, USE will
be investigated. BI and USE will be acting as endogenous latent variables in the
proposed model, which have all independent variables, as discussed above. BI
investigates user perception of intention to use a WPS, whereas USE investigates
the actual use of a WPS. Since a WPS is on voluntary settings, rather than
compulsory settings as in office computer systems, based on the research model,
described in Section 5.6, both intention and actual usage measures are used.
Therefore, the following measures are proposed:
BI I will use a personalized website in the near
future.
USE I use a personalized website regularly.
6.3 Moderating effects variables
This section describes the moderating effects variables that will be used in this
study. The previous work from marketing, web quality, Internet banking, and
technology acceptance studies will be incorporated to investigate some demo-
graphic variables as moderators of the relationship between dependent variables
and independent variables, as exist in the original UTAUT model. For exam-
ple, demographic variables such as gender, age, experience, and education are
employed as moderators in many domains; e-commerce (Lee & Koubek, 2010),
Internet banking (Jeruwachirathanakul & Fink, 2005; Wan et al., 2005), tech-
nology acceptance (Sun & Zhang, 2006), and web acceptance studies (Castaneda
et al., 2007; Mao & Palvia, 2008; Premkumar et al., 2008).
6.3.1 Gender
Gender refers to the sexual category of a WPS user who is either female or
male. Both gender and age are moderators used in the acceptance studies for
investigating the way these moderators affect user acceptance of technology. Fur-
thermore, gender is a crucial issue for e-commerce designers, human-computer
interaction (HCI), and e-commerce adoption researchers (Hwang, 2010). The
previous research suggested that gender was found to affect user beliefs (e.g. at-
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titude, subjective norms, and perceived behavioral control (PBC) on technology
acceptance studies, for instance, Venkatesh et al. (2000), found that attitude was
more relevant to men compared to women. However, both subjective norms and
PBC are more pronounced in a woman in the early stage of computer experience.
In addition, attitude was more important to younger workers, whereas PBC was
more important to older workers, and the subjective norms were important to
older women.
Furthermore, Venkatesh et al. (2003) found that both gender and age were estab-
lished as affecting the influence of antecedents on user behaviour. For example,
gender and age moderated the connection between PE, EE and SI to BI in the
UTAUT findings, such that, PE is the stronger influence on BI, for younger men.
EE inversely affected the BI and was stronger for older women, and FC had more
influence on older women. Additionally, gender was found to effect technical self-
confidence toward PDA adoption from a study by Arning & Ziefle (2007), where
the computer expertise factor played a minor role.
6.3.2 Age
Age as it relates to this research is the age of particular users that is measured
in years. Age is measured in four groups, i.e. “below 25 years”, “25 to 30 years”,
“31 to 40 years”, and “above 40 years”. Similar to gender, age has also proven to
be a significant demographic variable to influence user acceptance of technology
in organizational settings (Gallego & Bueno, 2010; Morris et al., 2005). Following
Venkatesh et al. (2003) in organizational settings, they found that differences in
behaviours were more pronounced as the age decreased (i.e. younger workers)
for PE towards BI. However, as the age increased (i.e. older workers), it had a
stronger effect on EE and SI, as well as for FC towards BI.
However, in voluntary settings, when the WPS is free to use by a user, age might
have a different effect on BI and USE, for core constructs of UTAUT. In addi-
tion, the previous research (Lee & Tsai, 2003; Morris et al., 2005) suggested that
age moderates the relationships in the TPB’s constructs, and TAM’s constructs
respectively.
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6.3.3 Skills
Skill as it relates to this study is the user’s ability to browse the Internet for
finding and giving information through personalized websites. It measures on
four scales such as follows:
(1) Unskilled - if a user is one who can only use the Internet for checking email
and reading online news,
(2) Novice - if a user is able to check email and use the Internet effectively for
acquiring information from a search engine (e.g. Google),
(3) Fairly skilled - if a user is able to use the Internet for email, online news and
finding direction on the Maps (e.g. Google Maps) or other similar applications,
and,
(4) Expert - if a user able to use the Internet as described above as well as for
socializing (e.g. creating, maintaining, posting contents through Facebook, blogs
and MySpace) and online shopping.
Information processing skills were being antecedent in “pre-requisites” for some
theoretical acceptance models, such as SCT (Bandura, 1995) and Motivational
Model of Computer Usage (MM) (Igbaria & Baroudi, 1995). Additionally, Shih
(2004), suggested that SN and PBC in line with user’s experience with the In-
ternet supports user computer skills in their extended TPB model. Therefore,
skill is suggested as moderating the relationship between constructs and BI in
the research model.
WPS requires some Internet skills such as acquiring information, giving and shar-
ing preferences, navigating through personalized websites. This implies that to
perform a behavior (e.g. intention to use or use the system), user must have
such skills as exist in the TPB, where “behavioral control refers to the extent
to which a person has the skills, resources, and other prerequisites to perform a
given behaviour”.
6.3.4 Experience
Experience as it relates to this study is the number of years of WPS use a user
has. It measures in four groups, i.e. “one and less than three years”, “ one to three
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years”, three to five years”, “more than five years”, and “never”. User experience
has been found to influence determinant user behaviour in technology acceptance
and Internet research. For instance, prior experience will result in stronger effect
and which is relevant to stable behaviour (Ajzen & Fishbein, 1980; Ajzen, 2002).
Furthermore, experience was found to moderate the relationship between SN and
BI, as well as on PU in TAM2 research (Venkatesh et al., 2003). In literature,
experience was investigated together with voluntaries i.e. whether the system is
on voluntary or mandatory settings, which implies the IT usage study is more for
experienced users. Experience was also said to have an impact on PU (Compeau
& Higgins, 1995), and for the less experienced users, PEOU was found to be a
more significant factor in influencing revisits to website, whereas PU had a greater
effect on more experienced users (Castaneda et al., 2007). Hence, experience is
treated the same as in the previous research
6.4 Evaluation techniques for Empirical Analysis
To test the research model that was presented in Chapter 5, several guidelines are
required. This section briefly introduces preparatory steps for empirical analysis
of response data. Firstly, a suitable method of statistical analysis of the pro-
posed user acceptance model is selected. Secondly, based on the selected method,
the statistical procedures of measurement and estimation of the model will be
presented in the next section. Finally, a measurement instrument for accessing
model validation will be developed to actualize the hypothesized model, stated
through research model and hypothesis.
Selection of statistical analysis method - There are two powerful statistical
analysis techniques existing in the literature: (i) Confirmatory factor analysis
(CFA), and (ii) exploratory factor analysis (EFA). CFA is the inferential statis-
tical technique used to verify the factor structure of a set of observed variables.
It allows the researcher to test the hypothesis that a relationship between ob-
served variables and their underlying latent constructs exists. The researcher
uses knowledge of the theory, empirical research, or both, postulates the relation-
ship pattern a priori and then tests the hypothesis statistically (Suhr, 2010). On
the other hand, EFA uses descriptive statistics to evaluate the factor structure of
measure and examine its reliability. Compared to CFA, this technique required
principal component analysis (PCA) to determine the number of factors being
considered.
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For the present research, Confirmatory factor analysis (CFA) is needed for vali-
dating the proposed model of user acceptance of WPSs. There are some reasons
the choose of CFA such as: (i) CFA sufficient to test the relationships between
exogenous variables and endogenous variables in the proposed acceptance model,
and (ii) CFA is hypothesis-driven in nature (Brown et al., 2006) and allows the
modelling of relationships using Structural Equation Modelling (SEM). The fol-
lowing section present SEM as a statistical model and analysis tools.
6.4.1 Structural Equation Modeling (SEM)
SEM is a statistical technique for concurrently testing and evaluating the causal
relationship between dependent and independent constructs (Gefen & Straub,
2000; Urbach & Ahlemann, 2010). (Lin, 2008; Lin et al., 2008) It has been ac-
cepted as a notable way to model relationships between factors and effects in
various fields. This technique has been developed in scientific disciplines, par-
ticularly in social science research, where hypothesizing relationships becomes
more complex (Henseler & Fassott, 2010). For instance, SEM is able to represent
relationships in the research model by defining the causal relationship between
constructs and variables for measuring user acceptance of technology.
The use of SEM involve construct specification in defining the relationships be-
tween constructs and indicators (Chin, 1998; Fornell & Lacker, 1981; Hulland,
1999). Throughout the research literature, there two fundalmental ways of spec-
ifying the constructs i.e. reflective and formative constructs (Chin, 1998, 2010;
Hulland, 1999). Both specifications are differentiated by the direction of the
causal relationship between a construct and its associated indicators such as fol-
lows:
6.4.1.1 Reflective and formative construct
According to Petter et al. (2008b), reflective constructs account for observed vari-
ance or covariance. Therefore, internal consistencies of the reflective indicators
concerned with some measures such as Cronbach’s alpha and ICR (Fornell &
Lacker, 1981) are utilized for assessing reliability. Reflective measures should be
one-dimensional and individual measures should be removed if they do not fulfill
the requirement of reliability. However, removing the measure may not affect
content validity (Petter et al., 2008b).
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On the other hand, formative construct are not used to account for observed
variances in the measurement model of the PLS analysis, but rather to minimize
the error terms (residuals) in the structural relationship (Petter et al., 2008b).
For formative measures, internal consistency or reliability is unimportant due
to the measures that are examining the different facets of the constructs, since
reliability through ICR or Cronbach’s alpha will be effected by estimation error
from multicollinearity among formative indicators (Jarvis et al., 2003; Petter
et al., 2008b).
Based on the above analysis, this study employs reflective constructs for defining
the relationship between indicators to its constructs, as parallel to the original
UTAUT model by Venkatesh et al. (2003). There are some reasons for the choice
of reflective constructs as follows:
• Theory should indicate the constructs (Roberts and Tatcher, 2008) - the
choice between reflective and formative should be based on theoretical con-
cerns regarding the causal priority between the indicators and the latent
construct under investigation (Cohen et. al. 1991; Edward and Bagozzi,
2000). The research model for this study is based on the UTAUT, which is
originally reflective indicators, which the indicators are the manifestation
of the constructs (Jarvis et al., 2003; Petter et al., 2008b). All indicators
are reflected by the constructs, for example, performance expectancy is re-
flected by security policy.
• Interchangeability of the indicators (Petter et al., 2008b). This guide implies
that reflective indicators should be uni-dimensional and reflect a common
theme. Whereas, formative indicators may not interchangeable and are of-
ten utilized in a different theme. In the research model, all indicators run
as one dimension and are able to be interchanged with one another. For
example, adaptive features and security policy of personalized websites can
be interchanged with a defining facilitating conditions construct, and elimi-
nating one indicator should not affect a conceptual domain of the construct
(Jarvis et al., 2003; Petter et al., 2008b).
• Covariance among the indicators (Jarvis et al., 2003). Based on this guide-
line, a reflective indicator is expected to covary for reflective indicators,
but not for formative ones. From the stated research model construction
and hypotheses, any changes for one indicator should be associated with
changes in the other indicators. From statistical analysis, indicators are
expected to covary with each other, and when that occurs, then reflective
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is chosen. Reflective indicator utilized in the present study as it is sufficient
for investigating hypotheses based on the theory underpinned.
The implications of selecting the reflective indicators in the proposed model such
as below:
• Reliability of the measures is important and will be accessed via ICR, Cron-
bach’s alpha and some other measures described in Table 7.35.
• The existing of multicollinearity in the data is desirable for reflective mea-
sures (Jarvis et al., 2003; Petter et al., 2008b). Multicollinearity is a condi-
tion where two or more indicators in the model are highly correlated.
6.4.2 Estimation of Model Parameters in SEM
Throughout the literature, the researchers distinguished two techniques used
for estimating the parameters in SEM, the covariance-based (CBSEM) and the
variance-based (Henseler et al., 2009). Both approaches have different algorithms,
in which the core objective is the parameter estimation. They have different soft-
ware tools that are used to perform the analysis.
Covariance-based SEM (CBSEM) - It is the most commonly used method
for estimating parameters in SEM, and aims at “minimization of the differences
between covariances empirically observed in the sample, and those theoretically
predicted” (Haenlein & Kaplan, 2004). According to Chin (1998), the dominance
of CBSEM is due to the early and wide availability associated software packages,
first and foremost LISREL. The other software utilizing CBSEM is EQS, AMOS,
SEPATH and COSAN (Reisinger & Mavondo, 2007).
Variance-based SEM- Furthermore, variance-based approaches are also known
as a component-based. They aim to “focus on maximizing the variance of the
dependent variables explained by the independent ones instead of reproducing
the empirical covariance matrix” (Haenlein & Kaplan, 2004). Softwares such as
SmartPLS, Visual PLS, and PLS-Graph are used as tools to perform variance-
based analysis. Among several variance-based approaches, the Partial Least
squares (PLS) algorithm is the most well-known procedure (Gefen & Straub,
2000; Haenlein & Kaplan, 2004; Hulland, 1999).
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In this research, the data was analyzed using variance-based SEM, the Partial
Least squares-Path Modeling (PLS-PM). Some reasons for the justification the
choice of PLS-PM is its power of analysis, its sample size, and its complexity, and
other factors as presented by (Chin & Newsted, 1999; Chin, 2010; Perenyi et al.,
2010) in Table 6.25.
Table 6.25: Comparison between CBSEM and PLS
Characteristics CBSEM PLS-PM
Objective Parameters oriented Prediction oriented
Approaches Covariance Variance
Assumptions Typically Multivari-
ate normal distribu-
tion and independent
observations (para-
metric)
Predictor specification
(non parametric)
Parameter estimates Consistent Consistent as indica-
tors and sample size
increase
Latent variables (LVs)
scores
Indeterminate Explicitly estimated
Epistemic relationship
between LVs and its
indicators
Typically only for re-
flective mode
Both reflective and
formative mode
Implications Optimal parameters
accuracy
Optimal prediction
accuracy
Model complexity Small to moderate
model complexity
(e.g. less than 100
indicators)
Large complexity (e.g.
100 constructs and
1000 indicators)
Sample size Ideally based on
analysis of a specific
model. Minimum
sample size recom-
mendation ranges
from 200 to 800.
Power analysis based
on the portion of
the model with the
largest predictors.
Minimal recommen-
dation ranges from 30
to 100.
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6.4.3 Summary
In summary, some strategies will be taken for evaluating responses data to suit
with proposed user acceptance model, such as follows:
• Selecting the statistical analysis method between EFA and CFA. CFA has
been selected as sufficient to investigate the relationships between con-
structs, as it is a hypothesized-driven model.
• Selecting the modelling technique. SEM has been selected as multivari-
ate analysis technique and sufficient for modelling the relationship in the
proposed user acceptance model.
• Selecting the construct specification between “reflective” and “formative”
constructs. Reflective has been chosen , as it suitable and based on the
theory.
• Selecting the model estimation parameters between CBSEM and variance-
based SEM. Variance-based through the PLS-PM analysis has been se-
lected, as it is sufficient for investigating the relationships between con-
structs and indicators.
6.5 Data analysis technique using Partial Least squares-Path
Modeling (PLS-PM)
This section describes PLS-PM as one of the SEM techniques for model and
validating relationships in the proposed user acceptance model of a WPS. PLS
originated in the social sciences, particularly in economics research (Abdi, 2003;
Wold, 1989). It is deployed in various research fields such as ecology, agriculture,
food science, chemistry, medicine and industry. In IS research, the PLS model has
been gaining in popularity and use for behavioral research in recent years, due to
its ability to model latent constructs under conditions of non-normality with small
to medium sample size (Chin, 1998; Xu et al., 2008). For the present research,
the choice of using PLS-PM analysis is based on some reasons, as suggested by
Urbach & Ahlemann (2010), as IS researchers increasing employ PLS analysis,
such as follows:
1. PLS makes fewer demands regarding the sample size compares to other
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methods (Chin, 2010; Ruiz et al., 2010). This research utilize PLS, as they
required a minimum sample size depends on the higher number of indicators
in the constructs, as defined in Section 5.3.3.
2. PLS does not require normal distribution of the data, since it is a non-
parametric technique (Ruiz et al., 2010). There is no assumption of data
normality using PLS, and how normal (e.g. kurtosis) of response data is
not an issue.
3. PLS can be applied to complex structural modeled with large number of
constructs (Chin, 2010). The proposed user acceptance model included
several constructs and many indicators, and it sufficient to model it using
PLS.
4. It can handle both reflective and formative measures in the constructs
(Gefen et al., 2000). This research use reflective constructs in defining
the relationships within constructs and indicators.
5. PLS is suited to theory development (Chin, 1998). This study use PLS
as sufficient analysis since it is underpinned by theoretical models of user
acceptance of technology.
6. It is useful for prediction and the problem of multicollinearity is not an
issue (Jarvis et al., 2003; Petter et al., 2008b). Due to the aims of the data
analysis is to investigate the variance in the constructs, it is useful and not
subjected to multicollinearity problem.
6.6 Moderating effects
One of the important contributions of this research to the acceptance of a WPS
studies is the addition of moderating effects to the model explaining relationships
between core constructs of user acceptance and the intention to use of a WPS.
To further understand the effects of some demographic variables, interactions are
also hypothesized between core constructs and its moderators toward intention
and usage of a WPS.
In PLS, there are direct relationships and one more indirect relationship existed
for modelling, depending on the nature of the study. This research proposes mod-
erating effects such as gender, age, experience, and skill of users, to moderate the
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relationships between variables. Hence, a brief discussion about moderating ef-
fects is essential. According to Henseler & Fassott (2010), moderating effect are
evoked by variables whose variation influenced the strength or the direction of
the relationship between endogenous and exogenous variables. For example, how
variables such as gender, age, experience, and skill moderate the relationships be-
tween performance expectancy, effort expectancy, social influence, and facilitating
conditions, intention of use the WPSs.
The principle of moderating effects is presented in Figure 6.1. The following
definition describes variables in the model:
• Latent exogenous variable is an unobserved variable that is not caused by
another variable in the model but is caused by one or more variables. The
variable itself is comprised of indicator variables, such as, performance ex-
pectancy (PE) and effort expectancy (EE) which are latent exogenous vari-
able, since these variables are measured via indicator variables (e.g. ease
of use, usefulness of a system). Moreover, PE and EE are not caused by
another variable. In comparison, in the multiple linear regression analysis
(MLR) , latent exogenous variables are dependent variables (X).
• Latent endogenous variable is an unobserved variable that is caused by one
or more variables in the model. Note that an endogenous variable may also
cause another endogenous variable in the model. For instance, intention to
use a WPS is an endogenous variable as it is caused by exogenous variables
such as PE and EE in the proposed model. Moreover, a latent endogenous
variable is an independent variable in the MLR analysis.
• Moderating variable is a variable that alters the strength of the causal re-
lationship between other variables such as an exogenous to the endogenous
variable. Most of the technology acceptance studies employed geographic
data such as gender and age as the moderating variable. For example, gen-
der may reduce performance expectancy (PE) towards intention to use (BI)
more for male than a female. We would state that gender moderates the
causal effect of PE and BI.
To analyse moderating effects using the PLS-PM, three relationships between
variables and moderating variables were investigated: (1) the relationship be-
tween an exogenous and endogenous variable, (2) the direct impact of the mod-
erating variable on the endogenous variable, and (3) the impact of an interacting
variable.
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Figure 6.1: Moderator variable
Source : Adapted from Falkenreck (2010)
Figure 6.2: Moderating effects in PLS-PM using reflective measures
Source : Adapted from Falkenreck (2010) and Henseler & Fassott (2010)
From Figure 6.2, it can be seen that:E1,E2 and E3 are indicator variables for
reflective measures of an exogenous variable, M1,M2 and M3 are moderating
variables for moderator M. The interaction terms are denoted by E1 x M1, E2 x
M2. The properties of a,b, and c represent the impact of the predictor variable,
the impact of the moderating variable and the interaction, respectively.
Based on the literature there are two common approaches employed to estimate
moderating effect: (1) moderating effects as the products terms or interaction
terms, and (2) moderating effect in terms of group comparison. Both approaches
are briefly described follows:
6.6.1 Moderating effect as product terms or interaction terms
Consider the main effect of two independent variables (e.g. X and M) on depen-
dent variable Y in a simple model. Therefore, the effect can be expressed by the
following equation:
Y = a+ b.X + c.M (6.1)
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Here, a is the intercept, and b and c are the slope of X and M , respectively.
Therefore, based on this equation, it can be transcribed into moderating effects
as depicted in Figure 6.3.
Figure 6.3: Transcript of moderating effect
Source: Adapted from Henseler & Fassott (2010)
According to Henseler & Fassott (2010), to include the moderating effect in this
equation, the slope of the endogenous variable denoted by b is no longer constant
but depends linearly on the level of moderator. The inclusion of a moderator
variable in the model can be formulated as follows:
Y = a+ (b+ d.M) .X + c.M (6.2)
In this equation, the slope of the endogenous variable depends on the level of M.
Hence. The equation can be reconstructed in the following forms:
Y = a+ b.X + c.M + d. (XxM) (6.3)
Y = (a+ c.M) + (b.d.M) .X (6.4)
From the above equations XxM represents the interaction that describes the way
moderating effects that can be integrated into a PLS-PM.
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6.6.2 Moderating effects via group comparison
This is the alternative technique when the independent or moderator variable is
not continuous. For example, when the moderator variable is categorical (e.g.
gender, class), it can be used as a grouping variable. However, if the moderators
are metrically scaled, this variable is used as a grouping variable. It has to be
transformed into a categorical variable. Henseler & Fassott (2010) suggested the
following:
• If all indicator values are above the mean, the grouping value is “high”.
• If all indicator values are below the mean, the grouping value is “low”.
• Otherwise, the observation should not be assigned to any group.
6.6.3 Estimating moderating effects in this research
In this research moderating effects are treated as interaction terms, which involve
product terms between indicators and moderating effects, defined via hypothesis
statements. The group comparison approach is not selected since it is suitable for
investigating moderating effects between a large group such as country or cultural
diversion of acceptance of technology. In this research it sufficient to use “product
terms”, rather than “group comparison”.
Therefore, the interaction terms incorporates the product terms of two variables
as another exogeneous latent variable in the structural model. For example, the
interactions of GENDER and AGE on PE to BI is depicted in Figure 6.4:
Figure 6.4: Moderating effects via interaction terms
6.7 PLS software utilized for research
SmartPLS 2.0 M3 (Ringle et al., 2005) , was developed using the Java eclipse
platform (http://www.smartpls.de) and was used for modelling user acceptance
model of a WPS; creating the PLS graph for graphical latent variables; calculating
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the descriptive statistics and path coefficients between the constructs, as well as
other statistical analysis tasks, using latent variables (LV) path analysis.
6.7.1 Creation of model and validation
There are two models represents the research model through PLS-PM analysis
in two types: (1) the model without moderating effects (M1) and (2) the model
with moderating effects (M2). The process of creation the model is presented in
Figure 6.5 , as well as some statistical validations used for reliability and validity,
that will be described intensively in Section 6.8.
Figure 6.5: The creation of the model and statistical validation
As depicted in Figure 6.5, Firstly, the response data will be fitted into two models.
From model M1, there two analysis involved : (i) measurement model, and (ii)
structural model. Reliability and validity testing will imposed to measurement
model. Any indicator variables which does not meet the requirement of validity
and reliability will be dropped. As a result, the refined model of Model M1 will
be further tested, into the structural model.
From the refined model of model M1, the structural model of model M2 will
be derived to access structural model validation, by imposing the moderating
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effects. The creation of both models using SmartPLS is presented by Figure 6.6
and Figure 6.7, respectively.
Finally, the model with inclusion of moderating effects (Model M2) will be tested
using some quality criteria such as structural model and moderating effects. These
will be described in section Section 6.9.
Figure 6.6: Model M1
Figure 6.6 presents the model M1 with endogenous and exogenous variables, with
full indicators that define the constructs for PE, EE, SI, FC, BI and USE. All
indicators are reflective measures and they contain data from survey responses in
accordance with the constructs. For example, the PE contains PE1, PE2, PE3,
and PE4, which are defined in the survey instruments or questionnaires in the
performance expectancy (PE) section.
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Figure 6.7: Model M2
Appendix F
Figure 6.7 presents the Model M2 with moderating effects, i.e. gender, age, skill
and experience.There are 29 indicators of the particular constructs and 11 in-
teraction terms, defined according to the hypothesized relationships in Chapter
6.
6.8 Analytical procedure of PLS-PM analysis
The present study was analysed the response data following a two-step analytical
procedure. First the measurement model was examined, followed by the struc-
tural model (Chin, 2010; Gefen et al., 2000; Xu et al., 2008). The rationale of
these steps was to ensure that the conclusion about the structural relationship
was drawn from a set of measurement instruments with desirable psychometric
properties. The purpose of data analysis was to verify and test the theoreti-
cal development empirically. PLS-PM analysis can be validated at three levels
(Tenenhaus et al., 2005): (1) the quality of the measurement model, (2) the qual-
ity of the structural model, and (3) the structural regression equation. The next
sections will discuss the PLS-PM procedures based on measures and thresholds
for both measurement and structural models, as quality assessment for PLS-PM
estimation.
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6.8.1 The Measurement Model Evaluation
The PLS-PM estimation resulted from a set of statistical outputs that can be
used to evaluate quality assessment for the measurement model. The analysis
of the measurement model (an outer model) is based on the reflective indicators
used in the model, and it refers to the mapping of measures into the constructs.
Generally, reflective constructs are evaluated along two indicators: (i) reliability
and (ii) validity. Both reliability and validity refer to the degree of error in the
measurement. A good level of reliability and validity are reflected in the minimum
measurement of error, which can be classified as random error and systematic
error. According to Hildebrandt & Dirk (2004), a measurement is considered
fully reliable if the random error is close to zero. Whereas, if the systematic error
is zero, the measurement is considered fully valid.
6.8.1.1 Reliability
Reliability of the measurement model is able to be accessed from both indicator
and construct level. For indicator level, such items are in the questionnaire items,
e.g. PE1,PE2,PE3, and PE4. The core criteria for reliability which is the cor-
relation coefficients between latent constructs and their variables. For instance,
loading values for PE1,PE2,PE3 and PE4 are the correlation coefficient between
them to the latent construct PE. For a good reliability of the indicator variables,
the threshold value should be a minimum value of 0.7, which supports the root
value of at least 50% of the indicator variance which should be explained by
underlying constructs (Carmines & Richard, 1979). However, depending on the
research subject and the theory underpinning the research are, a loading of 0.50
(Chin, 1998) or even 0.4 (Hulland, 1999) can be accepted. The present research
used the reliability of indicator variables of 0.5., based on its sufficient to inves-
tigate the relationship between constructs and indicators, as well as suitable for
research subject and theory.
Furthermore, on the construct level, reliability can be assessed in terms of how
good the set of indicator variables reflects their underlying construct. Based
on reflective specification, indicator variables (e.g. EE1, EE2, and EE4) are a
function of underlying constructs, i.e., EE, the reliability can be accessed through
inter-item correlations. This study accessed reliability through three parameters:
(i) Cronbach’s alpha, (ii) Internal composite reliability (ICR), and (iii) Average
variance extracted (AVE), as suggested by Chin (2010) and Falkenreck (2010) as
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follows:
Cronbach’s alpha - Cronbach’s alpha is a commonly used measure of the inter-
correlation among items in a group. It indicates the extent to which the group
can be seen measuring a single latent variable. It is a standard for measuring
reliability of items, and enjoys the widespread use among researchers. The value
of Cronbach’s alpha ranges from 0.0 to 1.0, with the higher value meaning the
higher correlations, and vice verca. According to Fornell & Lacker (1981), in
PLS-PM, the ICR is preferred instead of Cronbach’s alpha. Cronbach’s alpha
(Cronbach, 1951), presents a coefficient of reliability and consistency and it mea-
sures the internal consistency of the model. This statistics is calculated using the
formula :
α = n
n− 1
[
1− σ
2
i
σ2x
]
(6.5)
Where n is the n individual item, σ2i is the variance for the n individual item,
and σ2x is the variance for the sum of all items. The α is equal to one is all items
are perfectly reliable and measure the same thing (Statistica, 2010).
ICR - ICR measures how well each of the constructs in the measurement model
is described by their indicators. ICR is calculated using the formula :
ρc =
(∑λi2)2 V arF
(∑λi2)2 V arF +∑Θii (6.6)
Where λi, F, and Θii are factor loadings, factor variance, and error variance,
respectively (Werts, Lin, Joreskog, 1974). According to Chin (2010), ICR is only
applicable to reflective construct specification or latent variables with reflective
indicators. ICR also completes the same tasks as Cronbach’s alpha.
ICR for of all constructs was accessed to test its reliability. It is an alternative
measure for reliability test, instead of Cronbach’s alpha, and suggested should be
greater than 0.6 by Chin (1998) and Hock & Ringle (2010). According to Hinton
et al. (2004), an ICR above 0.9 is considered as excellent reliability, one between
0.7 and 0.9 as high, one between 0.5 and 0.7 as moderately high, and one between
0.5 as low. Furthermore, Nunally (1978) suggested that 0.7 as a benchmark
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for ‘modest’ composite reliability, applicable in the early stage of research and
0.8 as a more ‘strict’ reliability applicable in basic research (Ruiz et al., 2010).
From the reliability test, the higher ICR show that the indicator measures the
corresponding constructs. For instance, all indicators in performance expectancy
(PE) are measures PE of WPS.
AVE - Average Variance Extracted measure quantifies the amount of variance
that a construct captures from its manifest variables or indicators relative to the
amount due to measurement error (Chin, 1998). AVE values should be greater
than 0.50. This means that 50% or more of the indicator variance should be
accounted for. AVE is calculated using the formula:
AV E =
∑ [λi2]V ar (X)∑ [λi2]V ar (X) +∑ [V ar (εi)] (6.7)
Given that, latent variable X with x1, x2, x3, ......xn indicators (Fornell & Lacker,
1981).
To summarize, all statistics for reliability of indicators in the measurement model
should meet the threshold values as depicted in Table 6.26
Table 6.26: Reliability criteria of measurement model
Statistics / Parameters Threshold
Cronbach’s alpha α 0.7 (Nunnally, 1978)
ICR ρc 0.7 (Hulland, 1999)
AVE 0.5 (Fornell & Lacker, 1981)
6.8.1.2 Validity
The present research used Confirmatory factor analysis (CFA) to test theoretical
expectations about the structure of a set of measures by validity. There are
two types of validity considered relevant to the current research: (i) convergent
validity, and (ii) discriminant validity. The following section, describes both
validities.
Convergent validity - Convergent validity is based on the correlation between
responses obtained by extremely different methods of measuring the same con-
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struct. According to Gefen & Straub (2000), convergent validity is exhibited when
each measurement item correlates strongly with latent variables (constructs).
This provides proof of the theory that the items are related to the same con-
structs. There are numbers of thresholds used to access convergent validity of
the proposed WPS acceptance model. However, based on suggestions by Gunnar
(2009) and Falkenreck (2010) , where AVE and ICR are sufficient for assessing
convergent validity, the current research assesses convergent validity using some
indices as presented in Table 6.27,
Table 6.27: Measures of convergent validity
Measures Threshold value
Item loadings 0.70 or 0.4 (Hulland,
1999)
Internal composite
reliability (ICR)
0.70 (Hair et al., 1998)
Cronbach’s alpha
coefficient
0.70 (Nunnally, 1978)
Average variance
extracted (AVE)
0.5(Fornell & Lacker,
1981; Hair et al., 1998)
Average communality 0.5(Henseler et al., 2009)
From Table 6.27, the first criterion for convergent validity is the loading of items
as indicators (i.e. questionnaire items). The measurement model (outer model)
loadings were verified against pre-determined thresholds where each indicator
must show the loadings greater than 0.7 (Liang et al., 2009) on the construct
being evaluated. However, Hulland (1999) pointed out that the loadings should
be at a minimum value 0.4, as in ordinary factor analysis. Moreover, ”the 0.7
standard is a high one and real-life data may well not meet this criterion, which
is why some researchers, particularly for explanatory purposes, will use a lower
level such as 0.40 for the central factor and 0.25 for other factors” (Raubenheimer,
2004). Therefore, for this research the 0.50 standard will be used as a threshold
value for outer loadings.
The next criterion is based on the assessment of ICR values. In PLS analysis,
the ICR values are used instead of Cronbach’s alpha coefficient, and it is used to
test the internal consistency of the measurement model. The AVE proposed by
(Fornell & Lacker, 1981) is the third criterion for convergent validity. It uses as a
measure the shared or common variance in latent variables (Aladwani & Palvia,
2002). Chin (1998) and Hock & Ringle (2010) suggested that the AVE should be
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greater than 0.5 for meeting the requirement of convergent validity.
The last criterion for accessing convergent validity is average communality. Com-
munality is the squaresd correlation between the manifest variable (the indicator
variables) and its own latent variable. It measures the capacity of the manifest
variables (indicator variables) to describe the related latent variable. For ex-
ample, the indicator variables for EE are EE1, EE2, EE3, and EE4. Therefore
communality for each indicator variables is calculated by formula:
Communality = [V ar(X)]2 (6.8)
Given that latent variable X(e.g. EE) with x1, x2, x3, ......xn indicator variables ,
and V ar(X) is item loadings for indicator variables. To assess convergent validity,
average communality should be greater than 0.5 (Henseler et al., 2009), and
calculated by formula:
AverageCommunality =
∑ [V ar(X)]2
n
(6.9)
Where n is the number of indicator variables related to the latent variable. In
other words, average communality is equal to AVE one for each latent variables.
For example , average communality for EE is equal to total communality of EE1
to EE4 divided by four (n = 4).
Discriminant validity - Discriminant validity is defined as the dissimilarity in a
measurement tool’s measurement of different constructs. A necessary condition
for discriminant validity is that the shared variance between the latent variable
and its indicators should be larger than the variance shared with other latent
variables (Hulland, 1999). Discriminant validity is exhibited when each mea-
surement item with different constructs is very low or correlates weakly. In the
present study, convergent validity is assessed by comparing two thresholds: (i)
own-loadings (in the same construct) higher than cross loadings (in other con-
struct), and (ii) the squares root of each construct AVE is larger than its corre-
lation with other constructs. If these conditions are met then, the measurement
model meets the requirement of discriminant validity (Chin, 1998, 2010; Gefen &
Straub, 2000)
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Discriminant validity is presented in the data when each indicator variable corre-
lates weakly with all other constructs except for the one to which it is theoretically
associated Gefen et al. (2000). Chin (1998) stated that test of discriminant va-
lidity can be obtained by calculating the correlations between the latent variable
component scores and other indicators variable besides its latent variables (Tenen-
haus et al., 2005). In other words, the discriminant validity will be accessed via
cross loadings between latent variables and its indicators (Gefen et al., 2000).
6.8.2 The Structural Model Evaluation
The structural (an inner) model shows the relationship between constructs. It
can be defined as the causal and correlation links between constructs. In this
study, the coefficient between latent variables that defined in the research model
will be examined using PLS analysis. Testing the structural model determines
whether there is empirical evidence for the hypothesised relationship between
the constructs. Additionally, according to Ruiz et al. (2010), the tests involved
in the structural modelling are: (1) the amount of variance explained, (2) the
significance of the relationship, and (3) the model’s predictive relevance.
Thus, there are several statistics which be calculated to examine the structural
model, as presented as follows:
6.8.2.1 Coefficient determination -
Coefficient determination calculates the variance shared between variables, in
which the independent variables in the proposed acceptance model PE,EE,SI, and
FC is calculated. The estimated variance explains the overall effect of the model
via R2 values or squares multiple correlations of dependent variables. In addition,
the R2 squares is a measure of what proportion of the variability of dependent
variables is explained by the independent variables. In PLS-PM analysis, there
is no value for exogenous variables. The values of coefficient ranging from 0 to 1.
For the present study the order of R2 magnitude suggested by Chin (2010) shall
be used to assess the explanatory power in the proposed user acceptance model.
The author stated that the minimum of R2 should be more than 0.19 (19%).
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6.8.2.2 Strength of the path coefficients
The individual path coefficients of the inner model using PLS-PM analysis can be
interpreted as standard beta coefficients of the ordinary least squaress regressions
(OLS). The strength relationships between indicators and variables associated
with the quality criteria for dependent variables (exogenous latent variables) in
the model M1, need to be assessed. The present study was utilized the magnitude
strength of the path coefficient values suggested by Hair et al. (1998). A value of
less than 0.2 is weak, 0.2 to 0.5 is moderate, and more than 0.5 is strong.
6.8.2.3 Significance of the path coefficients -
The structural model or inner model is assessed via the path correlation between
indicators and their constructs. In order to determine the confidence intervals
of the path coefficients and statistical inference, a resampling technique such as
bootstrapping should be used (Chin, 2010; Tenenhaus et al., 2005). This section
describes the bootstrap technique for acquiring and estimation path coefficients.
Bootstrap technique - The bootstrap is a re-sampling technique used in PLS-
PM to estimate the path co-efficients in the model, based on the original sample.
According to Henseler et al. (2009), the bootstrap technique provided the shape,
spread, and sampling distribution of specific statistics. The procedure creates
a large, pre-specified bootstrap sample (e.g. 1000 or 5000). From the original
sample, the bootstrap procedure creates random cases with replacement from
the original sample. Appendix H presented the bootstrapping procedure in
PLS-PM analysis.
The bootstrapping analysis allows for statistical validating of the hypotheses,
stated on the relationships between variables in the model. The hypotheses can
be tested at (m + n) − 2 degrees of freedom (df). Where, m is the number
of random sample estimates for parameters in the original sample (m=1), n is
the number of bootstrap estimates for parameters, e.g. 1000. The PLS-PM
results using the bootstrap algorithm provide mean value and standard error for
each path coefficient (b). Finally, a Student’s t-test can be performed for the
significance of path relationships between endogenous and exogenous variables
in the model. According to Chin (1998) and Henseler et al. (2009)), t-statistics
value (empirical) is obtained by the following formula:
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t− statisticsempirical = O
S.E
(6.10)
Where t-statisticsempirical is empirical value, O is the original sample mean, and
S.E is bootstrapping standard error. In this study, the bootstrap with 1000
random sample iterations has been used to produce statistical parameters for the
model. Hence, in this bootstrap analysis, the bootstrap sample (n) is 1000, and
the degree of freedom (df) equal to 99. From bootstrap technique some statistics
are produced and it will be used to test significance of path coefficient throughout
7.5.2 and Section 7.6, as follows:
• original sample (O) refers to the original data from sampling technique. In
bootstrap the original sample could be duplicated as many times as the
computing resources allow, and the expanded sample is treated as a virtual
population of data.
• Sample mean (M) is calculated using the formula
∑
x
n
, where ∑x is a total
of the data from the original sample and n is the number of bootstrap value,
which is equal to 1000 iterations.
• Standard deviation (SD) is the squares root of variance from the original
sample.
• Standard error (SE) is an estimate of standard deviation of sampling dis-
tribution of means, based on the original random sample (O). SE is used
to calculate t-statisticsempirical for a path coefficient as in 6.10 , or in other
words, the product of original sample divided by its standard error.
Moreover, the significant of path coefficient, can be determined by two mea-
sures:
By comparing empirical t-statistics and the absolute t-statistics- The t-
statisticsabsolute is obtained from the student t-statistics table. The significant of
t-statisticsempirical (related to path coefficient from bootstrapping) is determine
according to the significant level (α), as described in Table 6.28.
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By comparing the p-value- p-value is a probability of each path relationship
and significance level, and calculated by the formula:
p = n
S.E
(6.11)
where n is sample size from the bootstrap sample and S.E is the standard error
for each path from bootstrap sampling. The p-value will then compare to the
significance level, i.e. 0.05, 0.01, and 0.001. Note that; p<0.05 is significant at
5% and p<0.01 is significant at 1%, and p<0.001 is significant at 0.1% . The
notation use is : (i) * for b is significant at the 0.05 level (2 tailed test), (ii) **
for b is significant at the 0.01 level (2 tailed test), and (iii) *** for b is significant
at the 0.001 level (2 tailed test).
p-value using TDIST function - In addition, p-value for accessing the signif-
icant of path coefficient can be calculated using the TDIST function TDIST is
the student t distribution in Microsoft Excel, given formula:
TDIST (x, df, tails) (6.12)
TDIF is a function of returns of probability for student t-distribution where
x is the numeric value of t which the probability are to
be computed.
df is degree of freedom.
tails is the number of distribution tails to return for
hypothesis testing, if df=1 , TDIST=P(X < x),where
X is a random variable that follow the t-distribution. If
df=2, TDIST=P(|X| > x).
6.8.2.4 Summary of structural model evaluation
Table 6.28 summarizes structural model evaluation criterion shall be used in the
present research:
Table 6.28: Structural model evaluation criteria
Criterion Threshold Note
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Coefficient
determina-
tion
(R2)
0.19 Explained variance in exo-
geneous latent variables /
dependent variables i.e. BI
and USE
Path
coefficient (β)
(i) Strength
< 0.2 (weak)
0.2 to 0.5 (moderate)
> 0.5 (strong)
(ii) Significance using
t-statistics
> 1.96 at α = 0.05
>2.58 at α = 0.01
>3.30 at α = 0.001
(iii) Significance using p-value
p<0.05 at α = 0.05 denoted
by *
p<0.01 at α = 0.01 denoted
by **
p<0.001 at α = 0.001 denoted
by ***
Obtained by the bootstrap
technique)
6.9 Quality Criteria for Overall Model Evaluation
This section describes criteria for the assessment of the final structural model
(Model M2). The final step in evaluating the proposed model is to evaluate the
strength of effects and statistical power pertaining and bound to results from
data analysis. The quality of structural model will be assessed, compare to the
previous Section 6.8.2, this quality criteria is used overall evaluation based some
measures, as follows:
6.9.1 Criteria for assessment structural model
Falkenreck (2010) and Hulland (1999) stated that “no proper overall goodness fit
measures for model estimated using PLS”. Therefore, some non-parametric tests
such as coefficient determination (R2) for independent variables, the cross valida-
tion test or Stone-Giesser Criterion (Q2), and effect size (f 2) were recommended
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(Chin, 1998) , and were used and discussed in model evaluation for explaining
the strength of effects (Falkenreck, 2010; Fornell & Lacker, 1981; Krafft et al.,
2007). These criteria are described below:
Coefficient determination (R2) - The coefficient determination or R2 value
is used to assess the share variance in dependent variables that is explained by
the independent variables linked to it. In this study PLS-PM analysis is used
to derive R2 values for two dependent variables (endogenous latent variables),
the intention to use a WPS, denoted by BI and the actual usage of a WPS,
represented by USE, in the proposed model.
Stone-Giesser Criterion (Q2) - Another criterion used to access structural
model is the Stone-Geisser criteria or Q2 statistics (Henseler et al., 2009). This
statistics is used to access predictive relevance of the endogenous variable, through
a blindfolding procedure (Tenenhaus et al., 2005). Predictive relevance can be
considered as a type of model fit indicator.
The blindfolding procedure is a process of omitting “a part of data matrix for
the construct being examined and then estimates the model parameters” Chin
(1998). It requires a set of omission distance parameters that should be “a prime
integer between the number of indicators and the number of cases to ensure proper
execution of the algorithm”(Henseler & Fassott, 2010). According to Chin (1998)
the “Q2 represents a measure of how well observed values are reconstructed by
the model and its parameter estimates.” Models with Q2 greater than zero are
considered to have predictive relevance. Models with higher positive Q2 values
are considered to have more predictive relevance.
According to Henseler et al. (2009), Q2 statistics is calculated by formula:
Q2=1−
∑
D SSED∑
D SSOD
(6.13)
Where, D is the omission distance, SSE is the sum of squaress of prediction
errors, and SSO is the sum of squaress of observations. From SmartPLS, the Q2
statistics obtained by setting PLS analysis using a blindfolding algorithm and a
number of omission distances. Appendix G.
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6.9.2 Criteria for assessment moderating effects
This section briefly describes two quality assessment criteria for moderating ef-
fects as follows:
Effect size (f 2) - Based on the literature, the hypothesis of a moderating effect
is supported if the independent of the path coefficients (β) associated with the
moderating effects (the path coefficient of the interaction effects) is significant.
In addition, the strength of a moderating effect can be identified. Chin & Mar-
colin (2003) recommended evaluating the effect strength f2. The effect strength
expresses the gain in R2 through adding the moderating effect to the effect model
(M2) in relation to the unexplained variance in the effect model. The effect size
is given by formula:
f 2 = R
2
Included −R2Excluded
1−R2Included
(6.14)
In this formula, R2included is refers to the R2 value from the inclusion of moderating
effects (Model M2), and R2excluded is R2 value without moderating effects (Model
M2). Weak effects are associated with f2 scores around 0.02, moderate effects
with scores around 0.15, and strong effects with scores around 0.35 (Chin, 2010;
Falkenreck, 2010).
Relative impact of predictive relevance (q2)- Another method for evaluating
structural model is by calculating the prediction relevance for major constructs
in the proposed model. A predominant prediction relevance (Q2) proposed by
Stone (1974) and Geisser (1975) is a metric for the model capability to predict
(Henseler et al., 2009). Based on the Q2, the q2 can be measured using the blind-
folding procedures (Tenenhaus et al., 2005). The q2 measures a relative impact
of the structural model on the observed measures for latent dependent variables
(Henseler et al., 2009; Henseler & Fassott, 2010), given by the formula:
q2 = Q
2
Included −Q2Excluded
1−Q2Included
(6.15)
or
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q2 = Q
2
ModeM2 −Q2ModelM1
1−Q2ModelM2
(6.16)
The value Q2 as described in Eq. (6.13) denoted by the equation as follow:
Q2=1−
∑
D SSED∑
D SSOD
(6.17)
Where D is the omission distance, SSE is the sum of squaress of prediction
errors, and SSO is the sum of squaress of observations.
According to Tenenhaus et al. (2005), the q2 values show that the capability of
the model for prediction of endogenous latent variables (ELV). In the model, ELV
are BI and USE. The threshold for Q2 is more than 0, that evidence for predictive
relevance. Henseler & Fassott (2010) pointed out that the analogy of Q2 is similar
to R2 threshold suggested by Chin (1998) and Chin (2010) where 0.02, 0.19, and
0.35 reveal a small, medium, and large predictive, respectively.
The relative impact (Henseler et al., 2009) of the structural model on observable
variable, can be calculated based on Q2 statistics. In correspondence to the effect
size (f2), q2 measures the relative impact of the structural model on the observed
measures for latent dependent variables (Henseler et al., 2009; Henseler & Fassott,
2010), given by the formula:
q2 = Q
2
Included −Q2Excluded
1−Q2Included
(6.18)
In this formula, Q2included is the predictive relevance for model with moderating
effects (Model M2) and Q2excluded is predictive relevance for a model without mod-
erating effects (Model M1).
In summary, the quality criteria for model evaluation can be summarized in
Table 6.29
Table 6.29: Quality criteria of model evaluation
Assessment Criteria Threshold Formula
Structural
model
Coefficient
determina-
tion
0.37 ≤ R2 ≥
0.45
R2 value
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Continued from the previous page
Assessment Criteria Threshold Formula
Stone-
Giesser
Q20
Q2=1−
∑
D SSED∑
D SSOD
Moderating
effects
Effect size 0.02 is weak,
0.15 is moder-
ate, and 0.35
is strong.
f 2 = R
2
M2 −R2M1
1−R2M2
Relative im-
pact of pre-
dictive rele-
vance
0.02 is weak,
0.15 is moder-
ate, and 0.35
is strong.
q2 = Q
2
M2 −Q2M1
1−Q2M2
6.10 Chapter summary
This section describes survey design which incorporates the methodology defined
in Chapter 5. Based on the literature reviews of acceptance technology studies in
Chapter 4, and methodology and research model in Chapter 5, a survey design
was presented. The indicators of user acceptance towards a WPS, were described
and proposed according to the four key constructs (i.e. PE, EE, SI, and FC) with
intention (BI) and actual usage (USE) of a WPS. The questionnaire items were
used as indicators across the constructs, accordingly. Furthermore, four moderat-
ing variables that have been adopted in the previous studies were described and
proposed.
In conclusion, the SEM technique for modelling and evaluating survey responses
were described, and will be discussed in the next chapter. Statistical measures for
validating the measurement and structural model for the PLS-PM approaches of
the SEM have been intensively described, as well as model evaluation. Further-
more, model creation using SmartPLS software presented, by utilizing reflective
indicators on the constructs. Moderating effects were treated as product terms,
rather than as group comparison, since the responses data was nominal, and
based on some guidelines described above. All the defined techniques which refer
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to SEM will be utilized in the next chapter. Furthermore, the last section of this
chapter gives two evaluation approaches in terms of statistical validation; qual-
ity criteria for model evaluation and quality criteria for determining moderating
effects.
Chapter 7
DATA ANALYSIS AND RESULTS
7.1 Chapter Introduction
This chapter analyzes user response data collected from the online survey. The
survey has been described in Chapter 5 and Chapter 6, as a tool for acquiring user
responses about acceptance of a WPS. The analysis of the response data has a
two fold purpose. The first objective is to present descriptive statistics for prelim-
inary analysis. This is for capturing responses from a user, and presenting their
implications based on the proposed acceptance model (as described in Chapter
6). Finally, the analysis results will be utilized for further model validation using
confirmatory statistical analysis through the PLS-PM. The purpose of PLS-PM
is for statistically validation of the acceptance model that was operationalized
with the survey responses.
The structure of this chapter is follows. In the next section, response data will be
analysed and described regarding to its implications. Next, the model validation
will be further described using the PLS-PM analysis. Furthermore, the hypothesis
testing was described in Chapter 5 will be presented. This chapter ends with some
brief conclusions regarding data analysis.
7.2 Descriptive Statistics
This section presents the descriptive statistics of the study and provides an insight
into the survey responses. The data was collected from the Internet users who
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were experienced in personalized Website. Only 248 respondents completed the
survey.
As the first step in data analysis and quality of assessment, descriptive statistics
are used to describe the basic features of the responses data in the current study.
Table 7.1 gives an overview of the scales, the means and the standard deviations of
variables values, the variances, and the range used by respondents. As evidenced
from the descriptive statistics, the scales have allowed for sufficient differentiation
and the full breadth of response options has been deployed.
Table 7.1: Descriptive statistics of the scales
Variables Mean SD Variance Variables Mean SD Variance
GENDER 1.31 0.465 0.216 FC1 3.55 1.456 2.119
AGE 2.69 0.983 0.966 FC2 3.40 1.433 2.054
SKILL 3.49 0.679 0.461 FC3 3.38 1.400 1.960
EXP 3.15 0.944 0.891 FC4 3.48 0.913 0.834
PE1 3.79 0.816 0.666 FC5 2.95 1.276 1.629
PE2 3.86 0.852 0.727 FC6 3.05 1.370 1.876
PE3 3.88 0.933 0.871 FC7 3.38 1.400 1.960
PE4 3.98 0.872 0.761 FC8 2.98 1.310 1.716
EE1 3.78 0.909 0.827 FC9 3.22 1.420 2.017
EE2 3.81 0.908 0.824 FC10 3.12 1.346 1.812
EE3 3.94 0.909 0.826 FC11 3.09 1.348 1.817
EE4 3.90 0.845 0.714 FC12 3.42 0.923 0.852
SI1 3.44 1.067 1.138 BI 4.06 0.882 0.778
SI2 3.48 0.944 0.890 USE 4.01 0.948 0.899
SI3 3.86 0.895 0.802
The further discussion will describe more on response from participants according
to the measures. Starting from gender responses, it is significant to find some
contributions from gender perspectives, since the widespread public access to the
Internet, gender studies in web application technology have shown gender gap
based web on applications (Carstensen, 2009). From the whole response, most of
the respondents (69%) were male, and the remainder 31% were female, as depicted
in Table 7.2. This result was comparable with the Panda security research, where
90% of Internet users were found to be males who spent more than five hours a
week online (Panda-report, 2011).
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Table 7.2: Gender of participants
What is your gender?
Response Count Percentage
Female 78 31.45%
Male 170 68.55%
Table 7.3, depicted the age distribution of the respondents, ranging from below
25 to above 40 years. The most common group was between 31 to 40 years, and
the least common age group was below 25 years.
Table 7.3: Age distribution of respondents
How old are you?
Response Count Percentage
Below 25 years 37 14.92%
25 to 30 years 58 23.39%
31 to 40 years 97 39.11%
Above 40 years 56 22.58%
Table 7.4 shows the Internet skills among respondents. Most respondents (92.74%)
were from the expert group, with the remainder (7.26%) from inexperienced users.
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This percentage implied that users with high level skills are more interested in
personalized services than those that merely check email and browse through the
online news.
Table 7.4: Internet Skill of Respondents
Based on your usage of Internet applications, how would you
rate your Internet skills?
Response Count Percentage
Unskilled 4 1.61%
Novice 14 5.65%
Fairly skilled 87 35.08%
Expert 143 57.66%
Table 7.5 depicted user experience on personalized websites. Most of the respon-
dents (70.97%) had more than three years experience; about 27.42% had less
than three years experience on personalized websites; and only a small group
had never used a personalized website. This implies that, from this sample of
the population, most of the respondents had used personalized websites for more
than three years.
Table 7.5: Experience on WPS
How long have you been using personalized websites?
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Response Count Percentage
1 and less than 3 years 11 4.44%
1 to 3 years 57 22.98%
3 years to 5 years 67 27.02%
more than 5 years 109 43.95%
Table 7.6 presented the user preferences of a WPS regarding the personalized fea-
tures they preferred. From the response, most of the features were purported to
be those users highly preferred. For example, articles (177 responses), news (172
responses), and product recommendations (150 responses). The reason for dis-
crepancy between the number of responses (499) and the number of respondents
(248) is due to the questions having multiple answers, where respondents were
able to rate one or more preferences. However, “greeting” had a low score, since
it is a common feature on the Web, compared to partner and friend recommen-
dations. These are widely implemented through social network websites such as
Facebook and Myspace. Users are more likely to prefer online news, buying online
products, and finding articles via personalized websites.
Table 7.6: Personalized Features Preference
Which personalized features do you prefer on the Internet?
Response Count Percentage
Greeting 77 31.05%
Product recommendations 150 60.48%
Article recommendations 177 71.37%
News recommendations 172 69.35%
Partner recommendations 53 21.37%
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Friend recommendations 121 48.79%
Moreover, article recommendations had a higher rating because most of the re-
spondents are research students from QUT. Therefore, article which is research
papers, journal articles, and other research materials are preferred to students.
This implied that the research database provided by the university is also per-
sonalized user experience in obtaining information. For instance, most database
provides email notification, citation alert, and bookmarks. These features able to
assist a student in finding information related to their research interests.
The ranking for personalized features was presented and summarized in Table 7.7,
in order of their preferences.
Table 7.7: User preferences ranking summary
Rank your choices on how personalized features to be delivered to you.
Channel/Total responses New Tab New
Column
Bottom
Page
Windows
pop-up
First order ranking (R1) 142
(52%)
58 (21%) 39 (14%) 36 (13%)
Second order ranking (R2) 68 (25%) 89 (33%) 79 (29%) 37 (14%)
Third order ranking (R3) 42 (16%) 87 (32%) 102
(38%)
39 (14%)
Fourth order ranking (R4) 21 (8%) 39 (14%) 50 (19%) 160
(59%)
It can be seen that from Table 7.7, the personalized features via a new tab (52%)
and a windows pop-up (59%) have rated higher than a new column (33%) and a
bottom of page (38%). This implies that, users are more likely to prefer personal-
ized features to be delivered via new tab, new column, and bottom of the page,
and less likely to prefer personalized features via pop-up windows.
In addition, it can be seen that, delivering personalized features via a new tab
is preferred to a windows pop-up. This study expected that the reason for this
preference is would be because the new tab method delivers information very
conveniently, but also because most of the Web browsers allow users to browse
through multiple pages in a single window. The new tab feature gave immediate
access to the content. The tab or tab document interface (TDI) also allowed users
to bookmark and save the information easily. In comparison, windows pop-up
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existed for displaying advertisements, by opening a new browser window under
the active windows. So that, it is very user friendly where users able to manage
the content easily.
Some browsers such as Opera, Mozilla , and Internet Explorer have incorporated
a tool for blocking pop-up windows. If a user configured their browser to block
pop-ups, then personalized information is unable to be delivered until a user re-
moved the pop-up blocker. The bottom of the page, and new column currently
exist as a plug-in’s for Web browser and configured in Web pages. As a re-
sult, users are able to find information easily throughout the bottom and new
tab. For example, Genieo which is based on the text mining, personalization
algorithms, and behavioural targeting delivers personalized news content at the
bottom of Web pages. The content delivered to a user is automatically based on
user browsing history and bookmarks.
7.3 Survey Responses Analysis and Implications
This section categorises responses from the survey according to the four constructs
based on the UTAUT framework. Some implications from the response data will
be discussed in accordance to the measures (questionnaire items) that have been
described in Chapter 6.
7.3.1 Performance expectancy
Generally, users considered that a personalized website enables them to obtain
relevant information more quickly, to increase productivity, and it improves the
possibility of having more accurate information delivered. The results from re-
sponses on performance expectancy measures are depicted in Figure 7.1.
In terms of WPS metrics, this study expected that PE measures confirm the com-
putational measures of accuracy, speed, precision, and relevancy of personalized
information. Therefore, the results are presented as follows:
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Figure 7.1: Performance Expectancy Mean Responses
7.3.1.1 Delivery of more accurate information
This measure relates to information accuracy in the proposed WPS Quality model
(refer to Section 5.5.1). From CI metric, deliver personalized information more
accurately means that information presented to users in retrieval results is accu-
rate in features such as semantic similarity (Hongsheng & Xiaoming, 2010). It
calculated based on semantic Web, and information delivery to user close to user
interest model (Li et al., 2007).
Table 7.8: Response for Accuracy
A personalized Website delivers information of my interest
more accurately.
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 12 4.84%
Neutral 71 28.63%
Agree 117 47.18%
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Strongly Agree 47 18.95%
From the accuracy of information delivered to a user, the credibility of a provider
can be judged by a user, and can lead to trust in the personalization service
since trust is a dynamic, and will change depending on a user’s experience with
a WPS. From Table 7.8, it can be seen that, 66.13% agreed in general that a
WPS is capable of delivering personalized information accurately. This result
indicated that a WPS was believed as useful by a user, in terms of delivering
accurate information. In addition, a small number of respondents did not accept
this idea, and slightly more than a quarter were neutral. Such a result implies
that more than quarter of the respondents were unable to decide if a WPS was
able to deliver information more accurately, since the accuracy of information
presented via a WPS depends on user opinion.
Nowadays, accurate information is a significant issue because a user needs to
verify not only the providers of a website, but also motives, reliability, and source
of information. In term of WPS metrics, as described in Section 5.5.1, accuracy
refers to personalized information to a user that free from errors. Through this
result user’s struggle to determine if a WPS able to deliver information accurately.
This implied that accuracy is unsuitable to be measured using user perceptions,
since it involved many factors that might be influenced user belief.
7.3.1.2 Improves user capability in locating
This measure is used to investigate the usefulness of a WPS in terms of delivering
information, as described via the WPS Quality model in Section 5.5.1. According
to the CI metrics, the way a WPS can increase user capacity in locating infor-
mation is supported by the use of web usage mining to mine user transaction
histories (e.g. navigation or purchases).
Table 7.9: Response for Capability
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A personalized website improves my capability in locating
information that I need.
Response Count Percentage
Strongly Disagree 0 0.00%
Disagree 12 4.84%
Neutral 75 30.24%
Agree 99 39.92%
Strongly Agree 62 25.00%
From Table 7.9, WPS is perceived to have usefulness regarding locating informa-
tion that users need. For example, in the most personalized websites, targeting
advertisements, recommending items, searching by keyword , ranking related
videos, and making wish lists used to be a the main features, to help users find
information via WPS, as well as located it for them. In related with WPS metrics,
the capability of locating information that user needs is corresponded to speed
and ranking information (e.g. based on keyword searches). This result shows that
user is hard to define how a WPS increases their capabilities in finding informa-
tion. Hence, this implied that, CI measure is more likely suitable to measure user
acceptance through ranking preferences, and item recommendations in order to
assess user capability towards finding information.
7.3.1.3 Increase in user productivity
One of the hindrances to user productivity on a Website is delays, and it has
been found that the delays (Benbunan-Fich, 2001) and the style of information
presentation will make a user more productive on a Website (Robertson et al.,
2005). Therefore, this measure is to investigate whether usefulness of a WPS is
reflected in increased productivity effects on user acceptance.
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Table 7.10: Response for Productivity
A personalized website increases my productivity in
acquiring information.
Response Count Percentage
Strongly Disagree 3 1.21%
Disagree 17 6.85%
Neutral 56 22.58%
Agree 104 41.94%
Strongly Agree 68 27.42%
Table 7.10 shows that about 69.36% of respondents agreed that a WPS increased
their productivity, whereas only a small number of users (8.06%) disagreed with
the statement, and about 22.58% were neutral. Such figures show that a user’s
opinion about the increase in their productivity is moderate, with most of them
agreeing that a WPS increased their productivity in acquiring information. In
terms of WPS metrics, the capability of increasing user productivity is very im-
portant to ensure the use and continuance of use. Therefore, the design of a WPS
should be considering elements that assist users such as control access via con-
trol management systems (CMS), reduction of redundancy, and the use of social
media (e.g. Twitter and Twitroid).
7.3.1.4 Acquiring relevant information more quickly
In Web quality studies the capability of a Website to deliver information quickly
becomes one of its usability measures. In terms of a WPS, this measure is used to
investigate whether relevant information delivered to a user rapidly, is supporting
a user belief in their perceived ease of use (PEOU).
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Table 7.11: Response for Relevance Information
A personalized website enables me to get relevant
information more quickly.
Response Count Percentage
Strongly Disagree 2 0.81%
Disagree 16 6.45%
Neutral 37 14.92%
Agree 124 50.00%
Strongly Agree 69 27.82%
From Table 7.11, it shows that about 77.82% of respondents agreed with the state-
ment, 7.26% of them disagreed, and about 14.92% of respondents was neutral. It
implies that the relevant information presented to a user on time is an important
factor in supporting a user’s acceptance. Therefore, a design of a WPS should
consider the loading time of a website, as well as the aptness and relevant of
information to users, based on their preferences and interests.
7.3.2 Effort expectancy
In terms of effort expectancy, which is reflected in ease of use, ease of learning,
skilfulness, and interaction, the respondents indicated that a WPS facilitated
their ability to develop skills and receive information that matched their interests,
their capability to learn and to getting information of their interest. Addition-
ally, their interaction with a WPS was apparently clear and easy to understand,
which implies that a WPS has supported their use of the system, and most of
the respondents felt that it would be easy to use a WPS for learning, finding
information and becoming skillful users, as depicted by Figure 7.2.
In terms of WPS metrics, EE can be used as the complementary factor for eval-
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uating how ease of the systems from user perspectives. As described in Section
5.5.1,quality personalized content is proposed for evaluating through information
accuracy, information relevance, precision, recall and information completeness.
Therefore, the present study expected that through indicators stated in EE (e.g.
easy to use, making skillful, and interaction) will support in evaluating quality
personalized content to users, and the proposed indicators will be evaluated as
follows:
Figure 7.2: Mean Responses for Effort Expectancy
7.3.2.1 Clear and understandable interaction
Clear and understandable user interaction on a Website is important, to ensure
that users are able to find information smoothly (Sandrini, 2007). This measure
is used to investigate how the interaction of users on a WPS will support their
acceptance of it.
Table 7.12: Response for Interaction
My interaction with a personalized website is clear and
understandable.
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Response Count Percentage
Strongly Disagree 2 0.81%
Disagree 11 4.44%
Neutral 53 21.37%
Agree 125 50.40%
Strongly Agree 57 22.98%
From Table 7.12, one can see that 73.38% of respondents responded that a clear
and understandable interaction supported their acceptance, 5.25% of them did
not agree with the statement, and about 21.37% of them were neutral. It indicates
that a good interaction between a user and a WPS, supported user’s usage.
In addition, user interaction on a WPS is now being supportive elements to
support usage. For example, Facebook and Youtube had provided clear design,
understandable, and good interaction in order to increase the usage. With the
comprehensible interaction and easy to handle tasks on website, Facebook and
Youtube become a prominent social media for businesses. Promoting a product
and service through Facebook become a new trend due to users are connected in a
huge network, where they can easily be sharing information between group, pages,
and friends on Facebook. Such features that supported a clear interaction on
Facebook are adding a thumbnail preview of the content from news and websites,
and effortlessly posting different kinds of media from video to photograph. As
a result, the usage of Facebook had increased throughout individual users and
enterprise users.
7.3.2.2 Skillfulness in using a WPS
As described in Section 6.2.2.2, user belief in becoming skilful is an important
factor underlying their perceived usefulness of a system (Davis, 1989). Therefore,
this indicator was applied in this study to investigate how a user’s skill level will
foster acceptance of a WPS.
Table 7.13: Response for Skilfulness
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It would be easy for me to become skillful using personalized
websites.
Response Count Percentage
Strongly Disagree 3 1.21%
Disagree 7 2.82%
Neutral 60 24.19%
Agree 113 45.56%
Strongly Agree 65 26.21%
Table 7.13 illustrated that 71.77% of respondents indicated that a WPS will sup-
port them to become skilful, about 4.03% disagreed, and the balance of 24.19%
respondent was neutral. In terms of WPS metrics, a neutral response indicated
that the skill of users on a WPS is an issue, since skilfulness is a subjective belief
and a WPS itself is a voluntary setting. In other words, skillfulness is hard to
define in a WPS.
However, by applying the applicable tools on the Internet such as user forums, one
can become skilful by giving and receiving assistance from other users. Compared
to a system in voluntary setting, users can easily get a training of specific usage
of a system. As a result, users become skilfully at using a system on distinct
jobs. Hence, this study expected that, from the result, it revealed that, becoming
skilful in using a WPS is an important factor in supporting user acceptance.
7.3.2.3 Ease of learning
Ease of learning appeared as one of the important factors to support a user accep-
tance toward technology (Davis, 1989; Venkatesh et al., 2003). This measure tries
to investigate whether ease of learning to use a WPS will support user acceptance
of a WPS. This measure was used to investigate the usability of Websites that
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originally from Web quality research (WEBQUAL) (Barnes & Vidgen, 2000).
Table 7.14: Response for Ease of Learning
Learning to use personalized websites is easy for me.
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 9 3.63%
Neutral 47 18.95%
Agree 109 43.95%
Strongly Agree 82 33.06%
From Table 7.14, it can be seen that 77.01% of respondents agreed that they can
learn to use a WPS easily, 4.03% did not agree, and 18.95% were neutral towards
the statement. This data shows that ease of learning to use a WPS is significant
in affecting a user acceptance of a WPS.
7.3.2.4 Ease of acquiring information of interest
This indicator is used to assess whether ease of use of acquiring information of
interest will help user acceptance of a WPS. Since, one of the features of a WPS
is to simplify the acquisition of information to its users by presenting information
closely matching a user preferences. Acquiring information on a Website is a
major part of a user’s tasks while being online. According to research 98% of
users engage in acquiring information e.g. via checking emails, 67% look for
information on leisure activities, 64% read the news, and 58% do their banking
online (Panda-report, 2011).
Table 7.15: Response for Ease of Information Retrieval
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It is easy to get personalized information of my interest via
personalized websites.
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 3 1.21%
Neutral 60 24.29%
Agree 116 46.96%
Strongly Agree 66 26.72%
From Table 7.15, clearly, about 73.68%, 24.29%, and 1.61% of responders agreed,
were neutral, or did not agree to the statement, respectively. This implied that
users believe information matched closely to their preferences can be acquired
easily using a personalized website. Thus, this indicator affected their acceptance
of a WPS.
In terms of WPS metrics, user had difficulty to this statement in terms of to what
extent that WPS assists them in obtaining personalized information. This is be-
cause information of interest is definitely differed from a user to another user. For
example, student might get research papers easily on the journal database web-
sites, as the information presented is in few form (e.g. word or PDF). Compared
to general users on Youtube and eBay, there are many interactions on a website
that they have to glance through to find information of interest in many kinds
of media. As consequences, this study expected that, from the result, finding
information of interest easily is a good indicator of user acceptance, as a higher
agreement from users.
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7.3.3 Social Influence
As described in Section 6.2.3 on page 146, the social influence (SI) of a WPS
is related to the influence of other users such as family, friends, and the WPSs
providers to affect a user’s belief in the use of a WPS. The response data captured
via SI, is presented in this section.
Figure 7.3: Mean Responses to Social Influence factor
From Figure 7.3, it can be seen that use of a WPS is influenced by social trends,
since there is significant influence that is beneficial to them from other people,
such as their family and friends. However, it can be concluded that, the use of a
WPS is not uniquely determined by users if the providers play an important role
in guiding a users on their Websites by providing help tools such as FAQ, Forum,
Help centre, etc. , via a WPS to facilitate the use of a WPS. Furthermore, there
is a higher propensity of WPS users to influence other groups by recommending
personalized websites.
7.3.3.1 Influence of family and friends
This measure tries to investigate if family and friends have an influence user’s
acceptance of a WPS, as described in Section 6.2.3.1.
Table 7.16: Response for Family and Friends
207
People who are important to me (e.g. family and friends)
think that I should use personalized websites.
Response Count Percentage
Strongly Disagree 10 4.03%
Disagree 38 15.32%
Neutral 75 30.24%
Agree 83 33.47%
Strongly Agree 42 16.94%
It can be clearly seen, from Table 7.16, that a total of 50.41% respondents agreed
that their family and friends influenced their belief in the use of a WPS, whereas
19.35% and 30.24% did not agree or were neutral, respectively. It shows that
a person close to a user has influenced a user’s belief toward acceptance of a
WPS. This finding is parallel with marketing studies, where family and peers are
major social influences on a user or consumer behaviour of its members (Roger
et al., 2006)), through values and expectations. These influences may result
from cohesion(e.g. emotional bonding), adaptability (e.g. challenging with the
environment and its changes), and communication (e.g. support, empathy or
criticism).
In terms of WPS metrics, this response has confirmed that influence from other
users is important, as personalization strategies are relied on item ratings, com-
ments, and reviews. For instance, collaborative filtering (CF) technique for recom-
mendations, user rating on the products is an explicit input to be used for recom-
mending products to other users. In other words, CF uses the known preferences
on the items of an individual user or group of users to make recommendations
or predictions to new users (Su & Khoshgoftaar, 2009). Therefore, what other
peoples rates and review on particular items are important for recommendations,
as in recommendations by category of products on Amazon.com.
208
7.3.3.2 Influence of the WPS providers
This measure was used to investigate whether the providers of a WPS affected
user acceptance. It is certain that providers play a prominent role and have the
responsibility in providing a helpful guide, in order to encourage users onto their
website.
Table 7.17: Response for Provider
The providers of personalized websites often provide useful
guides for using their website.
Response Count Percentage
Strongly Disagree 8 3.23%
Disagree 26 10.48%
Neutral 81 32.66%
Agree 104 41.94%
Strongly Agree 29 11.69%
Table 7.17 shows that whereas 53.63% agreed, only 32.66% were neutral about the
statement, and the balance of 13.71% did not agree with the statement that the
providers provide a useful guide for them in a WPS. This result indicated that
the influence from providers is moderate, with a large number of respondents
does not definite their belief, regarding a provider’s influence in accepting a WPS
acceptance.
In related to WPS measures, this findings presented that providers play a signif-
icant role to a user to accept a WPS. The more helping provider the more users
are intend to use a WPS. However, a neutral response from users might be re-
sulted from their belief on online purchasing websites i.e. Amazon and eBay. For
example, research shows that only 3% of 200 users say that website providers has
no effect their purchasing behaviour (Raintoday.com, 2009). In fact, the influence
of well-known providers on purchasing behaviour has increased significantly. As
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as consequences, a provider must take advantage of that power for designing a
WPS for some reasons:
• To establish, there are professional through professional design, construct-
ing, and arrangement of a WPS content.
• To help their users in providing a useful guide and being worthy of user’s
consideration.
• To establish credibility, reliability, trust and other necessity features to win
users throughout social media, publications, and other marketing strategies.
7.3.3.3 Influence of user on family and friends
This indicator was used to explore if a user would influence other users (e.g.
family and friends) to accept a WPS.
Table 7.18: Response for Recommend
I will recommend personalized websites to my family and
friends.
Response Count Percentage
Strongly Disagree 3 1.21%
Disagree 11 4.44%
Neutral 68 27.42%
Agree 102 41.13%
Strongly Agree 64 25.81%
From Table 7.18, it can be clearly seen that, 66.94% of respondents have agreed
that they have influenced to influence another user to use a WPS. 5.65% have
rejected the statement, and 27.42% of respondents were neutral. From this result,
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it is inferred that a user is aware of influencing users and is ready to influence
another user, in accepting a WPS.
7.3.4 Facilitating conditions
As described in Section 6.2.4, facilitating conditions (FC) represented the orga-
nizational and characteristics of a WPS, to support user acceptance. Response
data concerning FC from users is presented in the following section.
Figure 7.4: Mean Responses of Facilitating Conditions
Figure 7.4 and Figure 7.5 illustrated that most of the measures to determine char-
acteristics and organizational matters in a WPS are meaningful to users . Most
of whom strongly agree that a WPS had assisted them by having effective se-
curity measures and by being non-intrusiveness. Since, there was a low level of
agreement about the benefits of a WPS, it appears users will use a WPS despite a
low level of intrusiveness that can be obstacles (e.g. advertisements, page loading
times, scripts).
In terms of their acceptance to provide more information for obtaining personal-
ized features, most of the respondents were not ready. That implied that giving
information (e.g. rating on the products or news) is not acceptable to users, un-
less they realise that it is useful to them for obtaining personalized features. In
many researches, users not only avoided sharing information but were expected to
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Figure 7.5: Mean Responses of Facilitating Conditions
provide incorrect information online. This behaviour results from concerns about
privacy, security, and information protection(Aljukhadar & Senecal, 2009).
In WPS metrics, one of the challenges for providers in providing relevant and
accurate information to users is complete information from users. This challenge
relates to the privacy and security issues, where users are more likely to avoid giv-
ing personal details (e.g. rating on a product, and comments). However, with the
existing personalization technology being an up-to-date, personalized agent can
intelligently capture user interaction explicitly and provides a recommendation
actively.
7.3.4.1 Complete security policy
This measure is to investigate how security measures on a WPS fosters the use
of a WPS. It is important to know that security plays an important role on a
Website (Stamm et al., 2010), since users are aware of the threats to their security
and privacy while surfing the Internet. Although a personalized engine capable of
generating preference-matched Web content already exists (Ho et al., 2008). Most
user data has been captured implicitly and users are unaware of it happening.
Therefore, the security policy of a WPS plays a significant role in attracting new
users, as well as retaining the current users. Research shows that security matters
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played a vital role in moderating personality traits and choice behaviour of Web
users (Maranguni & Grani, 2009).
Table 7.19: Response for Security Policy
I will use a personalized website that provides complete
security policy.
Response Count Percentage
Strongly Disagree 4 1.61%
Disagree 10 4.03%
Neutral 25 10.08%
Agree 88 35.48%
Strongly Agree 121 48.79%
From Table 7.19, it is revealed that 84.27% of respondents agreed that a clear
security policy will encourage them to use a WPS. Nevertheless, a few of respon-
dents (5.64%) disagreed with the statement. The percentages imply implies that
an effective security policy on a WPS plays an important role in influencing user
acceptance. It is also correlates with the mean responses in Figure 7.4, where 80%
of respondents agreed about security policy. Moreover, user concerns about secu-
rity and privacy on a social network sites are at high level (Wills & Mihajlo, 2011)
, since many third-party applications have been developed to enhance services.
For example, Facebook has a good ethical principles and policies in regard to user
vulnerabilities, and these policies are enforced with the third-party developers.
However, recently Symantec found that user data on Facebook was accidentally
to leaked to third-parties such as advertisers and or analytic platforms (Nishant,
2011). It was reported that user profiles, photographs, chatrooms are possible to
be accessed via Web applications integrated into Facebook by permissions users
granted.
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7.3.4.2 Delivers personalized information in a non-intrusive manner
This measure tries to investigate whether intrusiveness affect user acceptance of
a WPS. As described in Section 6.2.4.2, intrusive matters will influence the use
of a Website. Therefore, this measure is used to explore if a user accepts a WPS
if it is non- intrusive.
Table 7.20: Response for Non-intrusiveness
I will use a personalized website that delivers personalized
information in a non-intrusive manner.
Response Count Percentage
Strongly Disagree 2 0.81%
Disagree 9 3.63%
Neutral 37 14.92%
Agree 105 42.34%
Strongly Agree 95 38.31%
The response data presented in Table 7.20, revealed that 80.65% agreed with
using a non-intrusive personalized information system, and only a small response
(4.44%) did not agree with the statement, and 14.92% of them were neutral. In
terms of mean responses, about 78% of respondents agreed with the statement
(refer to Figure 7.4). It can be inferred from this response that design of a WPS
for delivering personalized information should not be intrusive in manner.
In regard to WPS metrics, the minimal level of intrusiveness is to ensure that
users are able to receive relevant information of their interests, present high re-
spond time, and precisely. Therefore, back on the proposed Figure 5.4, a WPS
should deliver information to users in terms of quality of personalized content
and display, such as accuracy, relevant, completeness, and accessibility. An in-
trusiveness especially from advertisements will delays information and being as
obstruct users.
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7.3.4.3 Benefits despite intrusiveness
A trade-off between intrusiveness and the acquiring of personalized information is
investigated in this measure to discover if the benefits of a WPS take precedence
over intrusiveness in the minds of users, intrusiveness can only be minimized,
rather than removed.
Table 7.21: Response for Intrusiveness
I will use a personalized website that delivers personalization
information in intrusive manner due to its added benefits.
Response Count Percentage
Strongly Disagree 55 22.18%
Disagree 46 18.55%
Neutral 63 25.40%
Agree 48 19.35%
Strongly Agree 36 14.52%
From Table 7.21, it shows that 33.87% of respondents expressed the opinion that
they would use a WPS for the benefits if the personalization features were not
intrusive. 40.73% rejected the statement and 25.40% were neutral to it. How-
ever, there were slight differences (6.86%) between accepted and not accepted the
statement. It implied that the trade-off between intrusiveness and value-added
via a WPS, is an essential feature to be considered by a user. Compared to
this result, the previous indicator in Section 7.3.4.2 , revealed that users strongly
believed in using a WPS without the intrusive approach.
In terms of WPS metrics, intrusiveness still a vital concerned by a user since
only a small number of users ready to have intrusiveness despite adding more
benefits. Therefore, both Table 7.21 and Table 7.20 indicators are established
that a WPS should not be in an intrusive manner on delivering information to
users. No matter to what magnitude a WPS added more benefit, users still realise
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that intrusiveness on a WPS is obstructions that could be resulted in delays and
effectiveness of personalized content.
7.3.4.4 Tracking user past visits
One characteristic of WPS is tracking user activities using a personalization en-
gine. For example, some personalized services employed a method for presenting
a Content-based Filtering (CBF) on the previous system using user profiles (Ar-
avamudan et.al., 2011).
Table 7.22: Response for Tracking past visits
I will use a personalized website that keeps tracking my past
visit to deliver personalized information.
Response Count Percentage
Strongly Disagree 8 3.23%
Disagree 27 10.89%
Neutral 83 33.47%
Agree 78 31.45%
Strongly Agree 52 20.97%
It can be seen that, from Table 7.20, 52.42% of respondents agreed with the
statement, 33.47% were neutral, and a small group (14.12%) was not in agreement
with the statement. This result indicated that on average, users believed in using
a WPS that tracked their past visits. Therefore, users acknowledged and or
condoned the use of their past visits for providing personalized information via a
WPS.
In addition, regarding to WPS metrics, user tracking activities is important in
providing a closer information based on user profiles and individual preferences.
Therefore, the growing number of techniques from CI had been used for tracking
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and extracting information from the web log and user click stream. For exam-
ple, in collaborative filtering, tracking user past visit is essential in providing
information for individual or group of users in such e-commerce websites (e.g.
Amazon and eBay). From this technique, information can be delivered to users
intelligently and close to user preferences and interests.
7.3.4.5 User trust in providers
The influence of providers in user acceptance of a WPS has been measured
through Section 7.3.3.2 that is related to social influence. However, in this mea-
sure, a role play of providers in facilitating users through trust is being investi-
gated.The different was, this measure is relating to organizational and character-
istics of a WPS in terms of facilitating conditions.
Providers of personalized services influence a user to accept a WPS through trust
and reputation. For example, in e-commerce business, managing user satisfaction,
trust, and loyalty is important for long-term growth (Eid, 2011). Generally, if a
provider has a good track record and reputation, a user will easily trust and use
a service (Wills & Mihajlo, 2011). This measure is to investigate whether a user
will trust personalization service providers, to accept a WPS. Recent research
showed that the reputation of providers influence a user’s intention to use a
service (Davoud et al., 2011).
Table 7.23: Response for Trust and Reputation
I will trust a personalized website provided by a company
with a good reputation.
Response Count Percentage
Strongly Disagree 3 1.21%
Disagree 18 7.26%
Neutral 46 18.55%
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Agree 117 47.18%
Strongly Agree 64 25.81%
From Table 7.23 , 72.99% agreed that trust in the provider supported their accep-
tance of a WPS; about 8.47% did not agree; and 18.55% were neutral. Moreover,
trust was found to affect a user’s online shopping behaviour, as well as and security
is a key to trust (Dong et al., 2011). Some personalized features on a WPS, pro-
vide recommendations based on other user comments. recommendations based on
other user’s comments. For example, Amazon.com delivers comments and ratings
of other users purchases. User-generated comments on the e-commerce website
were suggested to encourage a user’s trust in providers (Hui, 2011). Results show
that product and price comments, self-display (recommendation comments), and
after-sale action comments influenced a user’s trust remarkably.
This thesis concluded that, both influence by providers of a WPS, whether from
the social influence or trust had a vital impact on user acceptance. The reason
was, by providing a useful guide throughout a WPS. Users are assisted through
demonstration, forum, and help facilities. In addition, trusting to providers of
a WPS is also the main concerned by a user, since it relates to privacy and
security.
7.3.4.6 Matched matching a user’s expectations
This measure is used to specify how a user’s judgment on matching expectations,
will facilitate his or her acceptance of a WPS. A recent research study found
that a confirmed user expectation has a positive effect on perceived usefulness,
conditions of support and satisfaction toward IS (Halilovic & Cicic, 2011). These
findings were also apparent in by the present study where, as shown in Table 7.24,
203 respondents out of 248 (81.85%) agreed the matching expectations was a
significant factor in influencing them.
Table 7.24: Response for Matches Expectation
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I will use a personalized website that delivers information
which matches my expectation.
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 8 3.23%
Neutral 36 14.52%
Agree 124 50.00%
Strongly Agree 79 31.85%
In terms of WPS metrics, matching user expectation means the fulfillment of
speed, precision, and timely information. Therefore, this measure is suitable to
support reliability, accuracy, and on time information through a WPS. This study
expected that the result is parallel with marketing studies relate to personalization
strategy. The e-commerce providers had concerned on improving management
decision, by providing relevant, accurate, and timely (RAT) information, as is
a part of marketing intelligent system. As a result, it will be able to increase
transactions and sales through websites.
7.3.4.7 Accessibility via multiple platforms
This measure is related to the characteristic of a web service, and used to de-
termine how an accessibility cross-platform will encourage and influence a user
acceptance of a WPS. In this indicator, a WPS is tested using the user’s be-
lief whether its capabilities to present personalized information in a browser and
platform compatibility. For example, personalized information can show in var-
ious browsers and gadgets (e.g. iPad, iPod, etc.). This measure is crucial for
testing compatibility since Websites can be viewed across a variety of different
browsers and devices. Furthermore, the requirement of the current Web ser-
vice is to resolve inter-operability issues between different business development
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environments (Gupta, 2010). For instance, the implementation of the Net Frame-
work by Microsoft (.NET) and Java 2 Enterprise Edition (J2EE), using standard
protocols and technologies like Hypertext Transfer Protocol (HTTP), Extensible
Markup Language (XML), and Simple Object Access Protocol (SOAP).
Table 7.25: Response for Multiple Platforms
I will use a personalized website that is accessible via
multiple platforms.
Response Count Percentage
Strongly Disagree 0 0.00%
Disagree 5 2.02%
Neutral 47 18.95%
Agree 92 37.10%
Strongly Agree 104 41.94%
From Table 7.25, it can be seen that most of the respondents (79.04%) agreed
with the statement that a WPS’s capabilities across-platform will facilitate their
intention and use of a WPS. This implied that a personalized feature via the
Internet is essential for users, since many applications, devices and gadgets have
been developed and are on the market. A current trend shows that about 33% of
Facebook posts come from mobile devices (Dan, 2011). Therefore, a WPS should
have the capability to support multi-range users across browsers and devices.
7.3.4.8 Rich Media Content
In addition to the capability of a cross-platform, a WPS should provided the
proper use of rich media content, for delivering personalized information and ex-
perience. Therefore, this indicator is utilized for capturing a user’s belief about
their acceptance of a WPS, toward the use of a range of media content. Unlike
a static website, a WPS should have a rich medium such as Flash, AJAX, Sil-
verlight, iFrame, JQuerry, Adobe AIR, Java, and videos for delivering pertinent
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information to its users. However, a rich media content should be given in a
proper manner, to ensure that delays of information can be minimized.
Table 7.26: Response for Rich Media
I will use a personalized website that employs a proper use
of rich media content to deliver the relevant information.
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 10 4.03%
Neutral 51 20.56%
Agree 119 47.98%
Strongly Agree 67 27.02%
From Table 7.26, it can be clearly seen that, the majority of respondents (75%)
agreed or strongly agreed with the statement, about 20.56% of them are undecided
about their belief, and about 4.43% disagreed with the statement. This implied
that the proper use of rich media content in a WPS can facilitate a user. This will
then lead a user to continue to use a WPS for a long term. Moreover, since most
of the websites today use multi-range media content (e.g. videos, Silverlight),
it is important that the design of a WPS should be considered to be utilizing
the current media technologies in a proper manner, for effective personalized
information to a user, as well as being able to be recognised by the search engine
(Google, 2011).
7.3.4.9 Better Web Experience
In addition to a cross-platform and proper use of rich media content, a better Web
experience is used as an indicator in the investigation of its facilitating conditions
toward user acceptance of a WPS. Furthermore, delivering and optimizing the
digital experience has been considered as a solution to deliver effective information
in e-commerce websites (KMWorld, 2011). For example, Adobe Systems has
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released its new Web Experience Management (WEM). This is an attempt to
allow enterprises to create, deliver, optimize digital experience and marketing
campaigns across channels (e.g. websites and mobile phones).
Table 7.27: Response for Web Experience
I will use a personalized website that creates a better web
experience.
Response Count Percentage
Strongly Disagree 0 0.00%
Disagree 7 2.82%
Neutral 26 10.48%
Agree 119 47.98%
Strongly Agree 96 38.71%
From Table 7.27, it is evidenced that 86.69% of respondents agreed with the state-
ment regarding the intention to use a WPS that delivered a better web experience,
and Figure 7.5 shows that the mean response was about 85%. This indicated that
delivering a better Web experience facilitated the intention to use and the use of a
WPS. It is also complements of a cross-platform (see Section 7.3.4.8) and proper
use of media content (see Section 7.3.4.9), to assist a user. Nowadays, a better
Web experience refers to a virtual experience using Web applications, which work
like a normal desktop via the range of RIA (Rich Internet Applications). This
application offers a rich, engaging experience that improves users experience as
well as productivity on the Web. Unlike ordinary Web-applications, RIA elim-
inates the limits on user controls on the Web (e.g. check box, form field, radio
button), by offering a wide range of controls which support a user’s interaction
much better (Digizmo, 2010).
In terms of WPS metrics, it is important for WPS designer to develop a system
that able to facilitate users with a user-friendly interface. Therefore, users would
have a good experience on the web, as well as easy to find useful information.
Moreover, well-designed personalized websites can provide a more enjoyment user
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experience. However, usability is far more important in creating good appealing
websites, but the combination of user-friendly and usability on websites is a great
combination. Through the literature, many e-commerce websites are not the
most attractive ones, due to the focus was on sales rather than appealing. For
social network websites, well-designed is also important in order to attract more
users and keep usability on the track. Therefore, based on quality characteristics
display (described in Section 5.5.3) i.e. information display, packaging quality,
and accessibility, the present study concluded that for creating a better web expe-
rience, well-designed WPS should be considered through quality characteristics,
good appealing, and usability.
7.3.4.10 Quality visualization of recommended items
The Internet technologies have changed the way people shop by using improved
user-interface technologies to visualize a product on a website. This measure is
used to investigate how a good visualization of recommended items facilitated
a user acceptance of a WPS. Generally, visualization on a website is regarding
the representation of graphs, maps, text or tables to visualize information on the
Web (Tergan & Keller, 2005). In the e-commerce field, visual online shopping is
a common activity (Robert et al., 2001). Therefore, measuring how the visualiza-
tion features via a WPS (e.g. Ebay and Amazon.com) facilitate a user’s shopping
is significant.
Table 7.28: Response for Good Visualization
I will use a personalized website that offers good
visualization of recommended items (e.g. products, news,
friends).
Response Count Percentage
Strongly Disagree 1 0.40%
Disagree 9 3.63%
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Neutral 44 17.74%
Agree 114 45.97%
Strongly Agree 80 32.26%
From Table 7.28, it can be clearly seen that 78.23% of respondents agreed that a
good visualization facilitated their acceptance of a WPS; 17.74% were undecided,
and 4.03% did not agree. Those results indicated that information visualization
of recommended items promotes user acceptance of a WPS. Such knowledge can
be incorporated into the design of a WPS, where good visualization of contents
would ensure that user are attracted to visit and use a Website.
7.3.4.11 Provision of help tool to assist users.
Help tools as described in Section 6.2.4.11 were proposed to promote intention to
use and actual use of a WPS. Hence, this measure was used to investigate how
help facilities (e.g. FAQ, forum, etc.) on can assist users to accept a WPS. All
online tools providing a WPS have an objective to assist users in dealing with
difficulties while browsing through a Website. This objective is to ensure that
information provided via a Website meets a standard and can assist users, and
help facilities revealed as a user-friendliness feature on enterprise websites (Jun
et al., 2011).
Table 7.29: Response for Help Tools
I will use a personalized website that has help tools to deal
with difficulties.
Response Count Percentage
Strongly Disagree 0 0.00%
Disagree 16 6.45%
Neutral 40 16.13%
224
Agree 112 45.16%
Strongly Agree 80 32.26%
Table 7.29, shows that 45.16% agreed with the assisting of help tools, 32.26%
strongly agreed, and 6.45% of them strongly disagreed with the statement. The
balance 16.13% was neutral view about the statement. In other words, about
77.42% of respondents agreed to the existence of help features on a WPS, to
assist them. This corresponds to the current trend where a wide range help
features are available on most of Websites.
7.3.4.12 Providing personal details
Nowadays, user details are required in most Websites. User data is utilized in
generating user profiles, presenting recommendation items (e.g. books, friends,
etc.), and tracking user’s activity. Furthermore, a WPS is heavily utilizing user
data, both implicit and explicit to provide information closely matched to users
based on preferences (e.g. rating, comments, etc.), geography location, likes, and
item sharing. For instance, the third party applications (e.g. Bing, Clicker, Tri-
pAdvisor, Rotten Tomatoes, and Yelp) that have been developed for Facebook,
allow a WPS for sharing user’s data across applications, and provide personalized
information to their users. Moreover, if users review a movie via Rotten Toma-
toes application, that review will be shared with friend on Facebook. Therefore,
this measure is significant in ensuring that a readiness to share personal details
facilitates user acceptance of a WPS.
Table 7.30: Response for Personal Details
I am pleased to provide personal details in order to obtain
improved personalized features.
Response Count Percentage
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Strongly Disagree 30 12.10%
Disagree 51 20.56%
Neutral 69 27.82%
Agree 59 23.79%
Strongly Agree 39 15.73%
As can be seen in Table 7.30, 39.52% agreed to share their information to obtain
improved personalized features; 32.66% did not agree with the statement, and
27.82% was neutral. The responses showed that there was a slight difference (8%)
between the agreed and disagreed responses, and as well, the neutral response
could be considered as close to the disagreed group. The findings revealed that a
user is more likely not to share their information (e.g. like, comments, etc.) due
to privacy and security issues (Luo & Smith, 2011; Luo, 2002). However, users
are willing to let their information to be collected, as found in Section 7.3.4.4.
In terms of WPS metrics, a user willingness to share personal details (e.g. rating
and comments) and keep using a WPS, even though a system tracking their
past visits is important. The provision of sharing information able to support
personalized agent in delivering reliable, accurate and timely (RAT) information
to users. For example, the more users sharing information, the more effective
personalization agent to provide relevance information, using CI techniques (e.g.
web mining and machine learning). Furthermore, if users keeping in using a WPS,
more implicit data can be captured through the web log and click stream analysis.
These will support extraction of knowledge and user profiles constructing, to
provide the most relevant, accurate, and up-to-date information.
7.3.5 Use and Intention to use
From Figure 7.6, most of the respondents can be seen to have a higher intention
to use a WPS in the near future which corresponds to the intention to use as
regular users. . Table 7.31 and Table 7.32 presented response data according to
the intention to use, and a WPS usage.
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Figure 7.6: Intention to Use and Usage of a WPS
7.3.5.1 Intention to use a WPS
As described in Section 5.4, user acceptance of a WPS is derived from both their
behavioral intention to use and actual use. Therefore, this measure was used to
investigate user readiness to use a WPS within a short time frame.
Table 7.31: Behavioural Intention to Use a WPS
I will use a personalized website in the near future.
Response Count Percentage
Strongly Disagree 2 0.81%
Disagree 11 4.44%
Neutral 44 17.74%
Agree 104 41.94%
Strongly Agree 87 35.08%
Judging by Table 7.31 most of the respondents have an intention to use a WPS,
and 77.02% of them agreed to use a WPS in the near future. However, about
5.25% did not agree and 17.74% were neutral.
7 3 5 2 Usage of a WPS
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Facebook is the in the top ten visited websites from October to December, 2010
for Australians (Morgan, 2011).
Table 7.32: Use of a WPS
I use a personalized website regularly.
Response Count Percentage
Strongly Disagree 3 1.21%
Disagree 15 6.05%
Neutral 50 20.16%
Agree 99 39.92%
Strongly Agree 81 32.66%
Based on the literature review and response analysis presented in Table 7.6, the
respondents preferred personalized features in article recommendations, followed
by news, products, friends and partner recommendations. From the current study,
it is implied that the usage trend of a WPS was the news portal, e-commerce,
social network, and dating websites.
However, the current research found that the usage of social network websites,
particularly Facebook, is has a compelling influence over what news and articles
get read online because users access the Website to share and recommend content
(Kenny et al., 2011). Moreover, this study revealed that 3% of traffic to the 21
news portal originated from Facebook’s user activities (e.g. like, recommend, and
share).
7.3.6 Summarizing of the findings from descriptive statistics
The following summarizes the findings according to the constructs in the proposed
user acceptance model towards a WPS.
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In measuring performance expectancy PE4 (relevant information more quickly)
is accepted as performance expectancy for a WPS can be derived, where most of
the users agreed that receiving relevant information quickly on a WPS is an im-
portant factor in driving their acceptance. Compared to other PE measures such
as PE2 (capability in locating information), and PE1 (delivering information of
user interest more accurately), PE4 received more attention by users.
In measuring effort expectancy - It was evidenced that all indicators for
EE all indicators for EE were good measures of effort expectancy toward user
acceptance of a WPS. All indicators for EE had a higher score of 4 and 5 on the
Likert scale, and thus implied that the proposed indicators were able to capture
user acceptance of a WPS via EE. In addition, from descriptive statistics also
indicated that EE3 (ease of learning a WPS), received more attention by a user
in regard to supporting their acceptance of a WPS. In other words, users believed
that ease of learning was an important factor in support of their acceptance of a
WPS. Hence the design of a WPS should facilitate user learning to use a WPS.
In addition, it was evidenced that EE3 (ease of learning a WPS), received more
intention by a user in order to support their acceptance towards a WPS. In other
words, this indicated that a user believed that ease of learning is important factors
to support their acceptance towards a WPS. Hence, the design of a WPS, should
facilitate a user to learn on using a WPS.
In measuring social influence - It was revealed that, in comparison to all indi-
cators of SI have a higher score on Neutral compared to Strongly Agree. However,
in terms of scores on agree, all indicators had stronger scores compared to neu-
tral. The accumulated scores for agreeing to the statement were dominant across
three indicators which indicated that all indicators are suitable for measuring
social influence toward user acceptance.
Based on the data in Table 7.34, SI3 (recommend a WPS to family and friends)
is mostly agreed by a user, compare to SI1(influence by family and friends) and
S2 (useful guide provided by the provider). This indicated that in order to accept
a WPS, a user has also to influence other users by potentially recommending a
WPS. In social networks, the capability of recommendation of a WPS in a user’s
circle is a good strategy for the Website provider. Therefore, the design of a WPS
should utilize the social plug-in’s, to support a user’s recommendations.
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In measuring facilitating conditions - it can be seen that the responses closely
concurred with all indicators except FC3, FC4, and FC4. The score for FC3
is more likely on Indefinite (or Not Responded), where the Neutral response
(25.40%) was comparable with Agree (19.35%). Moreover, from FC4 and FC12
the response scores for Doubtful are higher than Agree. Its implication is that
users are not responsive to if they are agreed or did not agree with the statements
via FC3, FC4, and FC12. Therefore, these three indicators were unsuitable to
investigate facilitating conditions toward user acceptance of a WPS. Further anal-
ysis in the next section of model validation will analyse them.
In terms of facilitating conditions of a WPS, users believed that FC9 (creates a
better web experience), FC1 (complete security policy), and FC6 (matches user’s
expectation) are important factors in their acceptance of a WPS.
In measuring BI and USE - BI and USE are the two endogenous latent vari-
ables (dependent variables) used in the proposed model. Both BI and USE have
Strongly agree responses from users. The indicators are suitable for measuring
both intention to use, and the usage of a WPS. The next section will analyse
overall responses and moderating effects in the proposed acceptance model of a
WPS.
In conclusion, overall, the response data shows that, across 31 measures, FC9
(creates a better web experience), FC1 (security policy), FC6 (matches user’s
expectation), FC7 (accessible via multiple platforms), FC10 (offers good visu-
alization of recommended items), and PE4 (enables relevant information more
quickly) have received the highest levels of belief from users. This indicated that
these measures are important and influence how a user accepts a WPS.
7.3.7 Data analysis and model validation
A preliminary data analysis has been done in the previous section. The response
data from users has been described intensively according to the constructs based
on the research model in Chapter 6. This section will continue with statistically
validating the proposed user acceptance model using response data from the
survey. However, the findings and its implications in terms of WPS acceptance
will be discussed more in Chapter 8. The results of statistical validation using
PLS-PM will be presented using the methodology given in Section Section 6.4
for accessing measurement models (an outer model) and structural models (an
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inner model) by three approaches. The purposes of each method are described
as follows:
1. Assessing the validity of the measurement model without moderating effects
or a baseline model using standard measures as used by Venkatesh et al.
(2008) and Brown et al. (2006). The purpose of this method is to assess the
validity of the measurement of response data through the baseline model or
a model without moderating effects (Model M1), by employing some tests
such as reliability, convergent validity, and discriminant validity.
2. Assessing the structural model without moderating effects via a path co-
efficient using a bootstrap re-sampling technique (Chin, 1998, 2010) and
coefficient determination. These tasks are for evaluating the inner model
of a baseline model (Model M1) through variance-explained endogenous
variables and path coefficient analysis between variables. From PLS-PM
analysis, validity of the model can be statistically tested.
3. Comparing structural models of both with and without moderating effects
(Model M2). In this analysis moderator variables of gender, age, skill, and
experience will be included. The significance of path coefficients between
the relationship of variables will be assessed, as well as their coefficient
determination (Niehaves et al., 2010).This method is for comparing the
structural analysis of both models (Model M1 and Model M2) and finding
the significant paths that related to the hypothetical statement in the pro-
posed model. These analyses will assist in the further hypothesis testing of
the proposed model, and make statistical inferences and conclusions about
the proposed model.
7.4 Measurement Model Evaluation : Model M1
This section presents a preliminary assessment of the model without moderating
effect, to assess its adequacy for further analysis with moderating effect in the
final model. According to Hulland (1999), the measurement model adequacy can
be accessed by looking at: (1) construct reliability and individual reliability, (2)
convergent or composite validity, and (3) discriminant validity.
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7.4.1 Constructs Reliability
The same terms used in statistical analysis is or individual reliabilities or con-
vergent validity. Constructs reliability is evaluated according to the loadings or
simple correlations of the indicators/measures with their respective constructs.
All items related to their construct loadings are presented in Table 7.33 below.
Table 7.33: Outer loadings and cross loadings
Indicator Loadings Indicator Loadings
PE FC
PE1 0.7735 FC1 0.4541
PE2 0.9045 FC2 0.4544
PE3 0.8369 FC3 0.6465
PE4 0.8653 FC4 0.8483
EE FC5 0.8218
EE1 0.7445 FC6 0.6194
EE2 0.878 FC7 0.6465
EE3 0.7388 FC8 0.5668
EE4 0.8024 FC9 0.6045
SI FC10 0.5541
SI1 0.7309 FC11 0.6464
SI2 0.7624 FC12 0.7996
SI3 0.8859 BI 1.00
USE 1.00
From Table 7.33, to test convergent validity, the loadings of indicator variables
were judged against the threshold value 0.5 on the construct being measured.
The 0.5 loading value was used as indicated in Section 5.3.7 on page 126 and
Section 6.8.1.1 on page 174. For example, loadings of PE1, PE2, PE3, and PE4
were assessed against the threshold value of the performance expectancy. The
discussion of the findings from outer loadings is as follows:
Performance expectancy (PE) - Analysis of PE shows that all items were
higher than 0.5, therefore, deemed to show evidence of converging on the construct
of PE.
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Effort expectancy (EE) - From the analysis of four indicators of EE, it can be
seen that all of them had loadings greater than the threshold value, which were
0.7445, 0.878, 0.7388, and 0.8024. Hence, all indicators appeared to be the best
measures for EE and were retained in the refined model.
Social Influence (SI) - The results showed that all indicators for EE were the
best measures for SI, and none of them were dropped. It showed that SI1, SI2,
and SI3 were converging on the construct of SI.
Facilitating conditions (FC) - Of the facilitating conditions indicators mea-
sured, only FC1 and FC2 did not meet the requirement of convergent validity
via outer loadings. The remaining indicators had loadings greater than threshold
value (0.5). These ten indicators appeared to be the best measurements of the
construct and were retained.
In summary, from Table 7.33 produced by the PLS analysis, only two items, i.e.
FC1 and FC2 did not meet the requirement of a 0.5 outer loading threshold.
Therefore, all items related to their constructs were adequate for reliability (Hul-
land, 1999). Only FC1 and FC2 were eliminated from the final model, since the
loadings were below the threshold of 0.5. Due to the measures being reflective,
the elimination of FC1 and FC2 did not affect content validity (Petter et al.,
2008b).
7.4.2 Assessment of the refined model
From analysis of outer loadings in Section 7.5.1 (Table 7.33), the indicator that
was insufficient in meeting the criterion for the minimum threshold (0.5) for outer
loadings had been removed. The model M1 was re-run with the indicators of FC1
and FC2 eliminated for FC. Table 7.34 shows the value obtained from PLS-PM
analysis of the final model M1.
Table 7.34: Refined values of outer loadings
Indicator Loadings Indicator Loadings
Performance
Ex-
pectancy
Facilitating
Conditions
PE1 0.7735 FC3 0.6465
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Indicator Loadings Indicator Loadings
PE2 0.9045 FC4 0.8483
PE3 0.8369 FC5 0.821
PE4 0.8653 FC6 0.6194
EE FC7 0.6465
EE1 0.7445 FC8 0.5668
EE2 0.878 FC9 0.6045
EE3 0.7388 FC10 0.5541
EE4 0.8024 FC11 0.6464
Social
Influence
FC12 0.7996
SI1 0.7309 BI 1.00
SI2 0.7624 USE 1.00
SI3 0.8859
From Table 7.34 , it can be seen that all indicators of their related constructs
had outer loadings greater than the threshold value (0.5). This indicates that the
items in the questionnaire were related to the construct they were designed to
measure. Hence, all indicators were accepted as showing evidence of convergence
in their particular constructs. Moreover, all indicators of facilitating conditions
had outer loadings greater than the threshold value (0.5), after the FC1 and FC2
were eliminated, implying that all indicators were the best measures for FC.
7.4.3 Convergent or composite validity
The next criterion for assessing convergent validity was based on the model qual-
ity. Convergent validity postulates that indicators/items of a construct/latent
variable should share a high portion of variance (Gefen & Straub, 2000; Hair
et al., 1998). In this criterion, there are four measures used to assess convergent
validity from model quality i.e. Internal Composite Reliability (ICR), average
variance extracted (AVE) , Cronbach’s alpha, ICR, AVE, and Cronbach’s alpha,
from PLS-PM analysis presented in Table 7.35.
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Table 7.35: Summarized model-fitting
Constructs/
Blocks
ICR AVE Cronbachs
Alpha
R2 Communality Redundancy
PE 0.909687 0.716408 0.869374 0.716408
EE 0.870801 0.628732 0.809521 0.628732
SI 0.837344 0.633456 0.724919 0.633456
FC 0.895255 0.46642 0.871604 0.46642
BI 1 1 1 0.220337 1 0.07079
USE 1 1 1 0.328886 1 0.318011
7.4.3.1 Internal Composite Reliability (ICR) -
As described in Section 6.8.1.1, the ICR values were judged against the threshold
(0.7, 0.8, and 0.9). From the reliability test, the higher ICR shows that the
indicator measures the corresponding constructs. For instance, all indicators in
performance expectancy (PE) are measures of the PE of a WPS, as the ICR
value for PE is 0.909687. Therefore, all constructs are reliable for measuring
WPS acceptance. It can be seen that, from Table 7.35, all constructs have a high
reliability (Hinton et al., 2004) since the ICR values ranging from 0.8373 to 0.8921
for all major indicators; PE, EE, SI, and FC. This consistent support with the
required psychometric test, i.e. 0.7 (~
√
0.5), suggested by Jorg et.al. (2009).
7.4.3.2 Average variance extracted (AVE) -
The second criterion for testing convergent validity was based on AVE, as de-
scribed in Section 6.7 on page 176 and Equation 6.7. From Table 7.35, it can
clearly be seen that all values of AVE are greater than the threshold value (0.5),
except FC. There is evidence of common variance in all constructs, as the alter-
native method using ICR for FC value, is acceptable for convergent validity.
7.4.3.3 Cronbach’s alpha -
The Cronbach’s alpha values were assessed using the procedure and threshold
described in Section 6.8.1.1. From Table 7.35, it can be seen that the values range
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from 0.72 to 0.87, which indicates that all constructs have a high correlation to
each other.
7.4.3.4 Communality -
From Table 7.35, it can be seen that communality values for PE, EE, and SI are
above 0.6, and 0.4 for FC. For example, communality index for PE is 0.72 implied
that 72% variance of all PE1, PE2, PE3, and PE4 explained by performance
expectancy. This indicates that indicator variables for PE, EE, SI, and FC are a
good measure of performance expectancy, effort expectancy, social influence, and
facilitating conditions.
7.4.4 Discriminant validity
As described in Section 6.8.1.2 convergent validity is assessed through cross load-
ings. From PLS-PM analysis, Table 7.36 presented a cross loading of the reflective
constructs in the refined Model M1.
Table 7.36: Cross loadings
PE EE SI FC BI USE
PE1 0.773489 0.368417 0.385517 0.355304 0.202987 0.258563
PE2 0.904505 0.346715 0.470784 0.461303 0.389047 0.287061
PE3 0.83692 0.335581 0.415757 0.358912 0.279782 0.275709
PE4 0.865324 0.373452 0.465974 0.439482 0.259857 0.298953
EE1 0.292955 0.744512 0.374958 0.288834 0.223483 0.274438
EE2 0.296178 0.878002 0.461542 0.308131 0.342857 0.213486
EE3 0.203213 0.738839 0.287693 0.267581 0.130844 0.226079
EE4 0.466738 0.802409 0.45894 0.407682 0.296067 0.299106
SI1 0.349222 0.390333 0.730924 0.259435 0.191106 0.148605
SI2 0.477513 0.487196 0.762401 0.242741 0.31498 0.249063
SI3 0.408646 0.389478 0.885924 0.409538 0.44663 0.263649
FC3 0.276301 0.288267 0.193551 0.646491 0.296356 0.19599
FC4 0.410106 0.337785 0.38342 0.848297 0.355677 0.341577
FC5 0.336399 0.270442 0.291311 0.821028 0.27981 0.281433
FC6 0.340458 0.332787 0.150218 0.619422 0.252292 0.199239
FC7 0.276301 0.288267 0.193551 0.646491 0.296356 0.19599
FC8 0.31096 0.269532 0.291952 0.566794 0.327198 0.176203
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PE EE SI FC BI USE
FC9 0.365416 0.253577 0.276213 0.604545 0.441978 0.25127
FC10 0.298117 0.19492 0.2714 0.554134 0.33505 0.154706
FC11 0.34273 0.308863 0.284025 0.64638 0.284733 0.167315
FC12 0.337369 0.264396 0.339236 0.799578 0.336384 0.292121
BI 0.34958 0.339637 0.43225 0.46492 1 0.566005
USE 0.329561 0.315178 0.289621 0.34489 0.566005 1
With reference to Table 7.36, the loadings for each block (latent variable) of indi-
cator variables is loading higher for its reflective latent variables than indicators
for other latent variables. Those denoted by the values in bold across latent
variables are its own indicator variables. For example, indicator variables for
performance expectancy (PE) denoted by PE1,PE2,PE3, and PE4 have loadings
(0.773489, 0.904505, 0.83692, and 0.865324) which are higher than indica-
tor variables such as EE,SI and FC, in the same block. Moreover, the loadings
for EE1, EE2, EE3, and EE4 have loadings (0.744512, 0.878002,0 0.738839,
and 0.802409) which are higher than other loadings across PE, SI and FC, in
the same block. It implies that all indicators are loaded significantly on their
reflective factors, with no cross-loadings and no correlated measurement errors.
Hence, discriminant validity for all constructs can be assumed for the data sets
(Bollen & Lenox, 1991; Falkenreck, 2010). In other words, all indicators are a
good measures for their constructs.
7.5 Structural model evaluation : Refined Model M1
After validation of the measurement model had completed, the next step is access-
ing the structural model. This section evaluates the model based on the criteria
that have been described in Section 6.8.2. Figure 7.7 presented the path coeffi-
cients and coefficient determinations (R2), resulting from PLS-PM analysis. All
hypotheses to be tested are denoted by the path relationships which associated
between variables.
Based on the structural model presented in Figure 7.7, the next section will de-
scribe the analysis of the structural model via coefficient determinations, path
coefficients, and path relationships which represented by the hypotheses to be
tested.
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Figure 7.7: Structural model with path coefficient and R squares
Appendix E
7.5.1 Coefficient determinations
One of the criteria for evaluating the structural model is checking the ability of
variance explains in the construct (Section 6.8.2.1). The coefficient represented
by the squares multiple correlation (R2) values as in the simple regression. R2
is defined as the proportion of variability in the data explained by the statistical
model or two R2 values from dependent variables, i.e. behavioural intention (BI)
and WPS usage (USE), as depicted in Table 7.37.
Table 7.37: Coefficient determinations of the construct
Constructs R2
BI 0.220
USE 0.328
In Table 7.37, it can be seen that 22% of the variance in behavioural intention to
use a WPS is explained by PE, EE, and SI. While the variance in the USE of a
WPS is higher than BI, about 33% of the variance is explained by both BI and
FC. These results indicated that the variance explained in the model for BI and
USE, is less than the original UTAUT model, as well as lower than the variance
explained on TAM (i.e. accounted for more than 40%). This indicated that the
comparison of both TAM and UTAUT is not applicable since by comparing a
WPS is in voluntary uses. However, the variance explained is not an issue with
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sample (n) is 1000, and the degree of freedom (df) equal to 99. The structural
model using the bootstrap algorithm is presented in Figure 7.8.
Figure 7.8: Structural model BT
As described in Section 6.8.2 and Section 6.8.2.3, the assessment of the path coeffi-
cients as shown in Figure 7.8 can be done in two stages. Firstly, the strength rela-
tionship and secondly, the significance of path relationships related to hypotheses
will be tested. The next section describes the evaluation of path coefficients.
7.5.2.1 The strength of relationship between indicators (measures) and
constructs (latent variables) .
From PLS-PM analysis, Table 7.38 summarizes the strength relationship of indi-
cators and constructs according to the path coefficient ( b ) values, obtained from
the bootstrap technique.
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Table 7.38: Summary of path coefficient strengths
Path Relationship Path
Coefficient
b
Strengths
PE→BI 0.1470 There is a positive
weak relationship be-
tween PE and BI.
EE→BI 0.1285 There is a positive
weak relationship be-
tween EE and BI.
SI→BI 0.2899 There is a positive
moderate relationship
between SI and BI.
FC→USE 0.1042 There is a positive
weak relationship be-
tween FC and USE.
BI→USE 0.5175 There is a positive
strong relationship be-
tween BI and USE.
From Table 7.38, it can be seen that there is a weak positive relationship between
PE to BI, EE to BI, SI to BI, and FC to BI. However, there is a strong posi-
tive relationship between BI to USE. These indicated that correlation between
relationships is weak at PE, EE , SI, and FC. In other words, behavioural in-
tention to use a WPS is effortlessly determined by usefulness, ease of use, social
influence, and facilitating conditions. FC which represents organizational and
characteristics of a WPS has a weak influence on the use of a WPS (USE). A
strong relationship between BI and USE indicated that the efficient deployment
of a system can be ensured via user’s intention to use, as well as usage inten-
tion and “the actual individual behaviour have been thoroughly investigated in
technology adoption studies” (Taylor & Todd, 1995b; Venkatesh et al., 2008).
In terms of a WPS metrics, user acceptance can also be measured via intention
to use, which is generally influenced by usefulness, ease of use, family and peer
group, as well as the characteristics and organizational appearance of a WPS.
Nowadays, these factors collaborate via social media and multi-range platforms
since the access to WPS is not limited only to a personal computer.
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7.5.2.2 Significance of path relationships
In this section, path coefficients (β) related to path relationships in the refined
Model M1 is calculated, using bootstrap techniques (described in Section 6.8.2.3).
The significant of β will be tested using t-statistics calculated from the 1000
sample of bootstrap technique and the procedure in Section 6.8.2.3 will be used
for assessing significance.
Table 7.39: Significance of path coefficient for the Model M1
Original
Sample
(O)
(β)
Sample
Mean
(M)
Standard
Devia-
tion
(SD)
Standard
Error
(S.E)
T Statistics
for path
coefficient
p value
(Given
n=1000
and
S.E)
PE -> BI 0.1470 0.147891 0.062689 0.062689 2.344891* 0.02
EE -> BI 0.1285 0.135199 0.053672 0.053672 2.39487* 0.02
SI -> BI 0.2899 0.292117 0.067206 0.067206 4.313052*** 0.00
FC -> USE 0.1042 0.120836 0.052672 0.052672 1.979883* 0.06
BI -> USE 0.5175 0.505466 0.062965 0.062965 8.219209*** 0.00
From Table 7.39, all path relationships in the model M1 are significant for at least
at 0.05 level (p<0.05), such that :
1. The path relationship between PE to BI is significant at 0.05 level (b =
0.1470, p < 0.05). This indicates that hypothesis relationship between PE to
BI is accepted. Hence, supported H1 such that, the performance expectancy
had a positive significant effect on behavioural intention to use WPS.
2. The relationship between EE to BI is significant at 0.05 level (b = 0.1285, p <
0.05). This indicates that hypothesis relationship between EE to BI is ac-
cepted. Hence, supported H2 such that, the effort expectancy had a positive
significant effect on behavioral intention to use WPS.
3. The relationship between SI to BI is significant at 0.001 level (b = 0.2899, p <
0.001). This indicates that the hypothesis relationship between SI to BI is
accepted. Hence, supported H3 such that social influence have a positive
significant effect on behavioral intention to use WPS.
4. The relationship between FC to USE is significant at 0.05 level (b = 0.1042).
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This indicates that hypothesis relationship between FC to USE is accepted.
Hence, supported H4 such that facilitating conditions have a positive sig-
nificant effect on behavioural intention to use WPS. H4 is still supported
with p=0.06, since the β value is 0.01042 returns t − statisticsempirical is
1.979883 (t>1.96) as the first condition succeeded. Note that, in this rela-
tionship, p-value is calculated using TDIST function as described in Equa-
tion Eq. (6.12).
5. The relationship between BI to USE is significant at 0.001 level (b =
0.5175, p < 0.001).This indicates that the hypothesis relationship between
BI to USE is accepted. Hence, supported H5 such that, the intention to
use of a WPS had an essential positive vital effect on WPS usage.
In conclusion, for the Model M1, all relationships between variables to its con-
structs are significant. This supported all hypotheses that will be further de-
scribed in the nomological model validity comparison in Section 7.6.1.
7.6 Structural model evaluation : Model M2
The second model (Model M2), with moderating effects (e.g. gender, age, skill
and experience) was accessed via the structural model procedures in the Model
M1. This meant checking whether those moderators would moderate the rela-
tionship between interested variables. There are 11 interaction terms which were
added based on the hypotheses defined in Section 5.7. Figure 7.9 and Appendix
F which depicts the model with moderating effect (with interaction terms) using
the PLS-PM, such as below:
Interactions from gender and age on PE to BI
1. PE * GENDER to BI
2. PE * AGE to BI
Interactions from gender, age and experience on EE to BI
1. EE * GENDER to BI
2. EE * AGE to BI
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Figure 7.9: Structural model Model M2
Appendix F
3. EE * EXP to BI
Interactions from gender, age, skill, and experience on SI to BI
1. SI * GENDER to BI
2. SI * AGE to BI
3. SI * SKILL to BI
4. SI * EXP to BI
Interactions from age and experience on FC to USE
1. FC * AGE to USE
2. FC * EXP to USE
The result is presented in Table 7.40
Table 7.40: Path Coefficient of the Model M2
Path relationship Original
Sample
(O)
Sample
Mean
(M)
Standard
Devia-
tion
(SD)
Standard
Error
(SE)
T
Statis-
tics
p-value
PE -> BI -0.211 -0.3055 0.2308 0.2308 0.91 0.36
EE -> BI -0.3363 -0.4148 0.3155 0.3155 1.07 0.29
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Path relationship Original
Sample
(O)
Sample
Mean
(M)
Standard
Devia-
tion
(SD)
Standard
Error
(SE)
T
Statis-
tics
p-value
SI -> BI 1.3858 1.2712 0.553 0.553 2.51* 0.01
FC -> USE 0.1868 0.2443 0.1714 0.1714 1.09 0.28
BI -> USE 0.5035 0.4926 0.0674 0.0674 7.47*** 0.00
PE * GENDER
-> BI
0.4356 0.371 0.2377 0.2077 2.10* 0.04
PE * AGE -> BI 0.1853 0.426 0.3151 0.3151 0.59 0.56
EE * GENDER ->
BI
0.179 0.3744 0.2323 0.2323 0.77 0.44
EE * AGE -> BI 0.3528 0.4278 0.3204 0.3204 1.10 0.27
EE *
EXPERIENCE ->
BI
0.5646 0.5483 0.3893 0.3893 1.45 0.15
SI * GENDER ->
BI
-0.0538 -0.3068 0.2256 0.2256 0.24 0.81
SI * AGE -> BI -0.5439 -0.4848 0.3285 0.3285 1.66 0.10
SI * SKILL -> BI -0.335 -0.6682 0.5682 0.5682 0.59 0.56
SI *
EXPERIENCE ->
BI
-0.9067 -0.7276 0.4835 0.4835 1.88 0.06
FC * AGE -> USE 0.0537 0.1989 0.1517 0.1517 0.35 0.72
FC *
EXPERIENCE ->
USE
-0.1939 -0.2909 0.1999 0.1999 0.97 0.33
From Table 7.40 ,the result from bootstrapping PLS-PM analysis is evidenced
that the path relationship between social influence (SI) and intention to use (BI)
IS significant at 0.05 (t = 2.51, p < 0.05) level, and BI to USE is at 0.001
(t = 7.47, p < 0.001) level. In addition, by inclusion of moderating effects, only
gender has moderated the relationship between PE to BI (PE*GENDER to BI)
at 0.05 level (t = 2.10, p < 0.05).
It revealed that the inclusion of moderating effects make the path relationship
between PE to BI, EE to BI, and FC to USE are non significant. The reasons of
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path relationships from PE to BI, EE to BI, and FC to USE are found insignificant
with the inclusion of moderating effects, as show in Table 7.40:
• As described in Section 6.8.2.3, original sample (O) in the first column of
the table is acquired from bootstrap technique, and t-statisticsempirical is ob-
tained according to definition of Eq. (6.10). By comparing t-statisticsempirical,it
shows that t-statisticsempirical < 1.96. Therefore, path relationship of PE to
BI is not significant by the inclusion of gender and age. This means that
the way users perceive on usefulness of a WPS is not pre-determine by ei-
ther gender and age. However, to test the overall effects of gender and age,
the interaction terms moderating effects (as described in Equation 6.4 must
be included. Thus, the complete interaction terms (PE*GENDER to BI)
revealed that only gender has effected the relationship between PE to BI.
Overall, user belief in the usefulness of a WPS that was captured through
PE, towards its intention to use is not moderated by age. Only gender has
an impact on intention to use a WPS
• Ease of use of a WPS captured via EE towards its intention to use. From
Table 7.40 It shows that the path relationship between EE to BI is found
insignificant by inclusion of moderating effects. Which means that gender,
age and experience of users are not influenced how user’s belief about ease
of use of a WPS. This supports with total path relationship defined through
interaction terms (e.g. EE*GENDER to BI, EE*AGE to BI, and EE*EXP
to BI), which are insignificance. Therefore, in terms of WPS acceptance,
these factors are not influenced how user’s belief about usefulness of a WPS.
In other words, the usefulness of a WPS is not depended on females or
males, youngest or older, or user’s experience, since the usage of a WPS
is voluntary, users are not imposed to use it. Compared to a system in
mandatory settings (e.g. Data retrieval system) in organization, how user
belief about ease of use may subject to gender, age and experience (e.g.
training), as appeared in the previous research by Taylor & Todd (1995b)
and Venkatesh et al. (2000).Therefore, in a WPS user characteristics in
terms of gender, age, and experience have no effect on their intention to use
a WPS.
• Facilitating conditions is used to capture an organization and characteristics
of a WPS, as defined in the model. From Table 7.39, it can be seen that the
inclusion of moderating effects (e.g. age and experience) has made the rela-
tionship of FC to USE is insignificant (t<1.96). The total interaction terms
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between moderating effects and PE to USE (e.g. FC*AGE to USE and
FC*EXP to USE) is also found insignificant. Therefore, both age and ex-
perience have no influence on user’s intention to use a WPS. In other words,
facilitating conditions (e.g. security, intrusiveness, visualization, etc.) of a
WPS toward its usage is not moderated by age and experience of users.
Users believed that their age and how many experiences they had will not
influence the usage of a WPS in relating with facilitating conditions.
7.6.1 Nomological validity of Model comparison
This section differentiates Model M1 and Model M2 via nomological validity by
comparing path coefficients (b) and t-statistics produced by PLS-PM, as pre-
sented in Table 7.41 and Table 7.42
Table 7.41: Nomological Validity Model M1
Hypothetical path b t-statistics Significant R2
PE → BI 0.1470 2.34 * BI=0.220
USE = 0.328
EE → BI 0.1285 2.39 *
SI → BI 0.2889 4.31 ***
FC → USE 0.1043 1.979 *
BI → USE 0.5175 8.219 ***
Note: (i) not sig. - not significant, (ii) * for b is significant at the
0.05 level (2 tailed test), (iii) ** for b is significant at the 0.01
level (2 tailed test), and (iii) *** for b is significant at the 0.001
level (2 tailed test).
Table 7.42: Nomological Validity Model M2
Hypothetical path b t-statistics Significant R2
PE → BI -0.211 0.91 Not sig. BI=0.402
USE = 0.335
EE → BI -0.3363 1.07 Not sig.
SI → BI 1.3858 2.51 *
FC → USE 0.1868 1.09 Not sig.
BI → USE 0.5035 7.47 ***
PE * GENDER → BI 0.4356 2.10 *
PE * AGE → BI 0.1853 0.59 Not sig.
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Hypothetical path b t-statistics Significant R2
EE * GENDER → BI 0.179 0.77 Not sig.
EE * AGE → BI 0.3528 1.10 Not sig.
EE * EXP → BI 0.5646 1.45 Not sig.
SI *GENDER → BI -0.0538 0.24 Not sig.
SI * AGE → BI -0.5439 1.66 Not sig.
SI * SKILL → BI -0.335 0.59 Not sig.
SI * EXP → BI -0.9067 1.88 Not sig.
FC * AGE → USE 0.0537 0.35 Not sig.
FC * EXP → USE -0.1939 0.97 Not sig.
Note: (i) not sig. - not significant, (ii) * for b is significant at the
0.05 level (2 tailed test), (iii) ** for b is significant at the 0.01
level (2 tailed test), and (iii) *** for b is significant at the 0.001
level (2 tailed test).
From Table 7.41 and Table 7.42, some comparisons presenting below:
7.6.1.1 The coefficient of determination (R2)
From the analysis in Section 7.5.1, the coefficient of determination of 0.220 (~22%)
for intention to use a WPS, BI and 0.328 (~33%) for WPS usage (USE), is shown
in the model without moderating effects (Model M1). In the second model (Model
M2), the high R2 values for both BI (40%) and USE (~34%) have been observed.
Hence, the model is able to explain more of the variance of BI and USE, with
moderating effects. The increased values of R2 for both BI and USE, with the
inclusion of moderating effects are found through the strong relationship between
BI to USE (t-statisticsempirical = 7.47). In terms of WPS metrics, it means that
users are more intention to use of a WPS, rather than the usage. Therefore,
providers have to aware and concern about how to attract users to use a WPS.
For example, Facebook and Google enhanced personalized features rapidly, in
order to attract users to use it.
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7.6.1.2 Path coefficients (b)
The strength relationships signified by b values across indicators and constructs
in the model. From Table 7.41, the b values ranging from 0.1285 to 0.5175. Com-
pared to the model with moderating effects, b values range from -0.211 (PE to BI)
to the highest 1.3858 for relationship between SI and BI. It shows that modera-
tor variables affected the relationship between variables such that, negative and
positive effects are as presented in Table 7.42. In other words, how strong latent
exogeneous variables (e.g. PE, EE, SI, and FC) to influence latent endogenous
variables (e.g. BI and USE) is effected by moderating effects. For example, the
strength relationship between PE to BI is found weak (β = 0.1470) in Model M1,
and it turns negative (β = −0.211) in Model M2. The moderating effects from
age and gender had made how the path PE to BI is insignificant in Model M2.
It means that user’s intention to use of a WPS generally is not determined by
age and gender. In order to determine the overall effects from age and gender
towards PE to BI, the relationship defined via interaction terms (e.g. PE*AGE
to BI) might be checked.
7.6.1.3 Test of significance
The significance of the relationship between constructs and indicators for the
model, can be accessed by comparing the t-statistics values according to the con-
structs relationship as presented in Table 7.41. From Table 7.41, all b values in
the model without moderators are significance. For instance, the lower positive
significant relationships between PE to BI (b=0.1470, p<0.05), EE to BI
(b=0.1285, p<0.05). The higher positive significant path resulted on the rela-
tionship between SI to BI (b=0.2889, p<0.001) and BI to USE (b=0.5175,
p<0.001).
In terms of WPS metrics, users will accept a WPS based on usefulness (e.g.
precision, recall, coverage) of personalized information, ease of use (e.g. accuracy,
user-friendly, speed) of a WPS, social influence (e.g. friends and family), and
personalized features and characteristics (e.g. security, intrusiveness, usability,
browsers), without any influence by either gender, age, experience of users. This
is because, a WPS is free to use in which their usage is not subject to their
mandatory tasks, as in an organization system (e.g. Data retrieval system).
Furthermore, a WPS is also a continuance system usage, where some personalized
features are enhancing from time to time. The more usefulness and ease, might
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make users to use and continue to use a WPS, in their daily tasks.
In comparison, the results from the model with moderating effects presented in
Table 7.42. It is evidenced that the significant relationship between variables and
constructs are affected by moderator variables. Compare to the previous model,
some of the relationships (e.g. PE to BI and EE to BI) are not significance while
imposing the moderating effects. Only SI to BI (b = 1.3858, p < 0.05) and BI
to USE (b = 0.5035, p < 0.001) remained positively significance, in the Model
M2. Additionally, the gender was found moderated the relationship between PE
and BI (b = 0.4356, p < 0.05). It implies that the way user perceived on the
usefulness of WPS is influenced by the gender.
In term of WPS metrics, it revealed that the inclusion of moderating effects (e.g.
age, gender) is not influenced user’s intention and usage of a WPS. Only females
show that they have a strong intention to use and usage of a WPS, based on
performance expectancy (or usefulness) of the system. This result supported
from psychological studies. Female’s users take more time to believe and use of a
system, particularly on the Internet and a new system. (Broos, 2005). Therefore,
providers should consider and focus to attract a female’s users in their intention
and usage of a WPS, by providing and enhancing personalized features that can
be assisted female users.
7.6.2 Quality criteria in determining overall model evaluation
This section assessing the overall model evaluation as described in Section 6.9,
through effect size and relative impact of predictive relevance, as follows:
7.6.2.1 The strength of moderating effects via effect size
As described in Section 6.9.2 ,even though the effects of moderators have been
determined, how strengthens or the strength of the moderating effects (Khalifa
et al., 2001)), affected the relationship between constructs or indicators can be
determined by comparing the proportion of the determination coefficient (value
of R2) between the baseline model (without moderating effects) and full model
(with moderating effects). Chin (2010) stated this determination implies effect
size, calculated using formula as in Equation 6.18.
The f 2 (Effect size) value represents the strength of moderator effects. It is
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calculated as the increase in R2 relative to the proportion of variance of the
endogenous latent variable that remains explained (Henseler & Fassott, 2010).
According to Chin & Marcolin (2003) and Chin (2010), 0.02 is a weak, from 0.15
is a moderate, and above 0.35 is a strong (Cohen, 1988). However, Limayem et al.
(2001) suggested that the small value of f 2 does not imply the unimportant effect
due to “if there is a likelihood of occurrence for the extreme moderating conditions
and the resulting beta changes are meaningful, and then it is important to take
into account” (Khalifa et al., 2001; Limayem et al., 2001). From the result, f 2 is
calculated for BI and USE as follows, respectively.
the effect size for BI is calculating by:
f 2 = 0.402− 0.2201− 0.402 = 0.3043
and the effect size for USE is calculating by:
f 2 = 0.335− 0.3281− 0.335 = 0.023
From these results, the moderating effects are moderate and weak for BI and
USE, respectively. Hence, four moderators are being within the reasonable or
average limit to moderate the relationship between PE, EE, and SI to BI. For
further explanations, the Model M1 (without moderating effects) explains 22%
(R2=0.220) for the variance of behavioral intention to use the WPS. The inclusion
of the interaction constructs (via moderating effects) increases the coefficient
determination R2 to 40% (R2=0.402). However, the path coefficient b between
the interactions constructs to BI is not significant.
Moreover, the main effects model explains 33% (R2=0.328) for the variance of
WPS usage. The inclusion of interaction constructs increases the variance ex-
plains to 34% (R2=0.335). The path coefficient b between the interactions con-
structs to USE is not significant, except between SI to BI.
7.6.2.2 Relative impact of predictive relevance (q2)
As described in Section 6.9.2 on page 185, from blindfolding procedure, the value
of Q2 presented in Table 7.43 below:
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Table 7.43: Q2 from blindfolding PLS-PM model M2
Total SSO SSE (Q2 )
BI 248 151.1025 0.3907
USE 248 167.9059 0.323
Case 1 SSO SSE 1-SSE/SSO
BI 51.5655 26.687 0.4825
USE 42.2769 27.0097 0.3611
Case 2 SSO SSE 1-SSE/SSO
BI 53.5182 30.0157 0.4391
USE 44.6555 33.5132 0.2495
Case 3 SSO SSE 1-SSE/SSO
BI 43.1898 29.0111 0.3283
USE 51.4308 31.2185 0.393
Case 4 SSO SSE 1-SSE/SSO
BI 53.0127 23.8274 0.5505
USE 65.0174 40.3412 0.3795
Case 5 SSO SSE 1-SSE/SSO
BI 46.7137 41.5614 0.1103
USE 44.6195 35.8233 0.1971
Note: as described in Section 6.9.1, SSE is the sum of
squares of prediction errors, and SSO is the sum of squares
of observations
From Table 7.43, Q2 values for five cases blindfolding is presented that shows the
Q2 value for intention to use BI (0.3907) and a WPS usage (USE)(0.323), from
the model with moderating effects (Model M2).
The Q2 for model without moderating effects (M1) is calculated for the 5 cases.
The results is presented in Table 7.44 below:
Table 7.44: Q2 for PLS-PM model M1
Total SSO SSE 1-SSE/SSO
BI 248 201.8577 0.1861
USE 248 168.9212 0.3189
Case 1 SSO SSE 1-SSE/SSO
BI 53.0127 49.5998 0.0644
USE 42.2769 28.9273 0.3158
Case 2 SSO SSE 1-SSE/SSO
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BI 46.7137 40.8703 0.1251
USE 44.6555 33.8159 0.2427
Case 3 SSO SSE 1-SSE/SSO
BI 51.5655 38.133 0.2605
USE 51.4308 31.2645 0.3921
Case 4 SSO SSE 1-SSE/SSO
BI 53.5182 35.0568 0.345
USE 65.0174 40.6967 0.3741
Case 5 SSO SSE 1-SSE/SSO
BI 43.1898 38.1978 0.1156
USE 44.6195 34.2168 0.2331
Note: as described in Section 6.9.1, SSE is the sum of
squares of prediction errors, and SSO is the sum of squares
of observations
Note that, the cases are referred to the omission distance as described in Section
6.9.1, it is the integer value used in the blindfolding algorithm. In this study, the
omission distance was set for five cases, based on the previous work by Tenenhaus
et al. (2005). Appendix G shows procedure of using cases (omission distance)
in blindfolding analysis. The results presented in Table 7.44. From the results, Q2
values for model M1 are : 0.1861 for intention to use (BI) and 0.389 for a WPS
usage (USE).
Therefore, the predictive relevance for the proposed model i.e. q2 is calculated as
follows:
• predictive relevance for intention to use WPS (BI), calculated using the
formula defined in Equation 6.15
q2=0.3907−0.18611−0.3907 = 0.3358 (large predictive) and
• predictive relevance for usage of WPS (USE), calculated using the same
formula.
q2=0.323−0.31891−0.323 = 0.0061 (small predictive)
From the above calculations q2 values for both BI and USE, BI has a large
predictive power compare to USE in the proposed user acceptance model of WPS.
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This conclusion was the same of the result from effect size (f 2). In other words,
from both exogeneous latent variables, BI has more predictive user acceptance,
compared to USE of a WPS.
7.7 Determining the power of the model
Based on the effect size calculated in section 7.6.2.1, the power of statistical test
will be calculated. By definition, the power of statistical test is the probability,
i.e. H0 is rejected while it is false. In other words, it is a complement or 1− β ,
where β is the probability denotes Type II error of falsely retaining an incorrect
H0. Through literature, there are two types of the power analysis : (i) a priory
power analysis (Cohen, 1988) and (ii) a post hoc-analysis (Cohen, 1988; Faul
et al., 2009). Through priory power analysis, the sample size (N) is computed
as a function of required power level (1-β), with the pre-specified significant
level α and the population effect size. However, a post-hoc power analysis can
be conducted after a study has been completed. The power is computed as a
function of α , the population effect size, and the sample size used in the study
(Faul et al., 2009). For this thesis only the post-hoc analysis will be utilized for
the statistical power determination.
7.7.1 Post Hoc Analysis
The power of the proposed model as described in section 7.6.2.1 above, were
accessed using criteria suggested by Cohen (1988) via post-hoc analysis (compute
achieved power), given alpha (a), sample size, and effect size. Post-hoc analysis
is referred to the analyses that are done after the experiment has been conducted
(Faul et al., 2009). In this case, the experiment has been done through the
previous section. The G*Power 3.12 (Faul et al., 2009) software was utilized to
compute the power of the proposed user acceptance model. Given that a equal
to 0.05 (5%), sample size of 248, power of the model were calculated as depicted
in Table 7.45. The α value refers to the confidence intervals, which in statistics is
used to estimate confidence limits for the mean sample. For example, if α equal
to 0.95%, it indicates that 95% confident that the true population mean must
fall (Coolican, 2009). Note that, the effect sizes for both independent variables,
i.e. BI and USE, calculated in section 7.6.2.1 were utilized for calculating the
power.
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Table 7.45: M2 Model power
Behavioral Intention of
WPS (BI)
Usage (USE)
• a = 0.05,
• df = 246
• sample size= 248
• effect size = 0.3043
• critical t= 1.65105
• Power (1 − b error
prob.) =0.999
• a = 0.05
• df=246
• sample size= 248
• effect size = 0.023
• critical t = 1.65105
• Power (1 − b error
prob.) =0.098
From Table 7.45, post-hoc computation yielded a critical t-statistics of 1.65105 and
power (1 − b error probability) (Cohen, 1988) of 0.999, for behavioral intention
to use of WPS, whereas for actual usage of WPS (USE), yielded the same critical
t-statistics of 1.65105, but different power, 0.098. Power of behavioral intention
to use WPS, in the proposed user acceptance model is fall well above the cut-off
value 0.80 suggested by Hair et al. (1998). However, based on the effect size for
actual usage of WPS (USE), the power is not very well, below than sufficient
threshold 0.80 (80%). These results are implied and supported that the power
of moderating effects is more on BI, rather than USE (as described in section
7.6.2.1). These evidences can be further described using two statistical inferences:
(i) the central distribution of b and a based on sample and effect size, and (ii)
the X-Y plot for effect size.
7.7.1.1 Central distribution of b and a
Central distribution of b and a for both BI and USE are plotted based on the pos-
hoc analysis. From the plotted graph, b is denotes the type II error probability
of false retaining in incorrect hypothesis null (Faul et al., 2009) or b error for
accepting null hypothesis that is false. The a is the type I error probability for
rejecting null hypothesis, while it is true.
254
Figure 7.10 presented the central distribution of b and a for intention to use. The
small overlap between α and β indicated that the effect size for intention to use
is strong, since the α and β values are small. This leads the power, i.e. 1 − β
tend to be small.
Figure 7.10: Central Distribution for intention to use WPS (BI)
In comparison, the distribution of α and β for a WPS usage (USE), as depicted
in Figure 7.11, is large overlap. This indicated that both α and β values are large.
The large β value will then decrease the power, since the product of 1 − β will
be lower.
Figure 7.11: Central Distribution for WPS usage (USE)
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From both graphs, it can be seen that the probability for both type I and type
II error is small for BI, compare to USE. Hence, the statistical power (1-b) for
intention to use (BI) is larger than the usage of WPS (USE).
7.7.1.2 X-Y plot for effect size
Additionally, the X-Y plot for a range of values and a central distribution, utilizing
the G*Power (Faul et al., 2009), able to present the power for both independent
variables. From Figure 7.12, the X-Y plot for BI has a power of 0.90 for 100
sample size; compare to USE with is smaller 0.09 for every 100 sample size or
0.009% of the power for BI.
Figure 7.12: X-Y Plot for effect size intention to use WPS (BI)
From Figure 7.12, it shows that for every 100 sample size, the intention to use
(BI) has a power of 99% based on sample and effect size, compare to the usage
(USE), which has 0.09% for every 100 sample size (Figure 7.13). This analysis
supported that the moderating effects (e.g. gender, age, skill, and experience)
that is more on intention to use WPS, rather than the actual usage of WPS; USE.
The results is parallel with the UTAUT findings in Table 7.47 since the inclusion
of moderating effects in the model increases more coefficient determination on
BI, rather than USE.
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Figure 7.13: X-Y Plot for effect size WPS usage (USE)
7.8 Assessment of Research Hypotheses
To test the hypotheses, PLS-PM analysis was carried out using SmartPLS 2.0
M3 (Ringle et al., 2005), for Model M1 and M2. All hypotheses will be tested
using path coefficient analysis. The significant t − statisticsempirical for path
relationships related with hypotheses, signify to support the proposed hypotheses
presented in Section 5.7. The significant of t − statisticsempirical was described
in Table 6.28. Both model M1 and model M2 was tested their hypotheses that
represented via the path relationships, as described below:
7.8.1 Testing hypotheses on Model M1
The path coefficient with subsequent hypothesized relationships based on the
Model M1 as described in Section Table 7.39 is summarized in Table 7.46. These
results were utilized to test the significant by comparing t-statistics yielded from
bootstrap re-sampling with the critical value at a (5%,1% and 0.1%), respec-
tively.
Table 7.46: Summarized results of Model M1
Hypothesis Path directions Results
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Continued from the previous page
Hypothesis Path directions Results
H1 PE to BI
t>1.96, p<0.05
Supported;H0 is accepted. PE have signifi-
cant effect on BI
H2 EE to BI
t>1.96,p<0.05
Supported;H0 is accepted. EE have signifi-
cant effect on BI
H3 SI to BI
t>3.30,p<0.001
Supported;H0 is accepted. SI have significant
effect on BI
H4 FC to USE
t>1.96,p<0.05
Supported;H0 is accepted. FC have signifi-
cant effect on USE
H4 BI to USE
t>3.30,p<0.001
Supported;H0 is accepted. BI has significant
effect on USE
In terms of WPS metrics, these results implied that all proposed measures in
the model are good for measuring user acceptance of a WPS based on intention
to use and the usage of WPS. PE is reflected by perceived usefulness of a WPS
effected user acceptance of a WPS. Therefore, such CI metrics: precision, recall,
speed, and time are important factors to support user acceptance. EE measures
perceived ease of use a WPS is supported user’s intention and usage of a WPS.
From CI metrics, accuracy and relevancy of information, make users consent to
use and continue to use a WPS. Other influences from friends and family are
supported user acceptance of a WPS. Recently, some features in personalized
websites (e.g. Facebook and Google) become significant influences, where users
able to share their interests rapidly, with friends and family. Furthermore, FC
that reflected by organizational and characteristics of a WPS had a direct effect
on a WPS usage. In general all proposed characteristics such as multi platforms,
non-intrusiveness, rich media content, etc. are supported the use of a WPS.
7.8.2 Testing hypotheses on Model M2
Table 7.47 below summarizes the findings of the UTAUT as applied to user ac-
ceptance web personalization systems (WPS). All t-statistics values are less than
1.96 (absolute value for statistically significant at p<0.05) for paths that defined
in related hypotheses, except the interaction terms between PE to BI. Therefore,
all moderators are not significance to moderate the relationship between EE and
SI to BI, as well as FC to USE of a WPS.
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In other words, a user acceptance of WPS is not influenced by gender, age, skill,
and experience such that:
1. For WPS, the influence of performance expectancy on behavioral intention
will be moderated by gender, rather than age. There is an effect of inten-
tion to use a WPS for different gender. Female users perceived more on
performance expectancy of WPS in order to accept the technology.
2. The influence of effort expectancy on behavioral intention will be not mod-
erated by gender, age, and experience. The gender, age, and experience are
not influence a user acceptance of WPS.
3. For user acceptance of WPS, the influence of social influence on behavioral
intention will be not moderated by gender, age, skill, and experience. A user
accepts a WPS with influence by their family, peer group or providers. Such
user characteristics as gender, age, skill, and experience are not influencing
how a user accept a WPS.
4. The influence of facilitating conditions on usage will be not moderated by
age and experience. Facilitating conditions of WPS will not influence by
age and experience, such that, a user will use a WPS without depends on
their age and experience.
Table 7.47: UTAUT Model findings
Hypothesis Path directions Results
H1- Performance expectancy will
have a significant positive effect
on behavioral intention to use
WPS.
PE → BI With the inclusion of gender
and age, PE is not signifi-
cant to influence BI
H2- Effort expectancy will have
a significant positive effect on be-
havioral intention to use WPS.
EE → BI With the inclusion of GEN-
DER, AGE and EXPERI-
ENCE, EE is not signifi-
cant to influence BI.
H3- Social Influence (SI) will have
a significant positive effect on be-
havioral intention to use WPS.
SI → BI
t>1.96, p <0.05
SI is significant to influ-
ence BI.
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Continued from the previous page
Hypothesis Path directions Results
H4- Facilitating Condition (FC)
will have a significant positive ef-
fect on the WPS usage.
FC →BI With inclusion of AGE
and EXPERIENCE, FC is
not significant to influ-
ence USE.
H5- behavioral intention to use
WPS will have a significant posi-
tive effect on the WPS usage.
BI →USE
t>3.30, p<0.001
BI is significant to influ-
ence USE.
H6- The influence of performance
expectancy on behavioral inten-
tion will be moderated by gender
and age, such that the effect will
be stronger for men and particu-
larly for younger men.
PE * GENDER→BI
t>1.96, p<0.05
PE * AGE →BI
GENDER moderated the
relationship between PE to
BI.
H7- The influence of effort ex-
pectancy on behavioral intention
will be moderated by gender, age,
and experience, such that the ef-
fect will be stronger for woman,
particularly younger woman ,and
particularly at early stage of ex-
perience
EE * GENDER → BI
EE * AGE → BI
EE * EXP → BI
GENDER, AGE, and EXP
are not moderated EE to BI
H8 The influence of social influ-
ence on behavioral intention will
be moderated by gender and age,
skill, and experience, such that
the effect will be stronger for men
and particularly for younger men.
SI * GENDER→ BI
SI * AGE→ BI
SI * SKILL→ BI
SI * EXP→ BI
GENDER, AGE,SKILL,
and EXPERIENCE are not
moderated the relationship
between SI to BI.
H9- The influence of facilitat-
ing conditions on usage will be
moderated by age and experi-
ence, such that the effect will be
stronger for younger users, partic-
ularly with increasing experience
FC * AGE→ USE
FC * EXP → USE
AGE and EXPERIENCE
are not moderated the
relationship between FC to
USE.
The empirical results supported all hypothetical relationships presented in the
model without moderator effects, as presented in Table 7.42 , at least at 5% (p
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< 0.05). However, with the inclusion of moderating, some effects were resulted
from moderator variables such as below:
1. PE has the negative relationship to BI (b= -0.211) and not significant to
influence BI, compare to the model M1. In terms of WPS metrics, users
perceived usefulness of a WPS is not influenced by gender and age. The
intention and usage of a WPS are not depended on the group of females,
males in which they are youngest or not. The total impact of gender and
age must be seen through the interaction terms between PE to BI i.e. the
path relationships: PE*GENDER to BI and PE*AGE to BI.
2. EE has the negative relationship to BI(b= -0.3363) and not significant to
influence BI, compare to the model M1. Perceived ease of use of a WPS
is not determined by gender, age, or experience of users. Therefore, in
terms of WPS metrics, some measures such as accuracy and relevancy of
information presented to users are not influenced by the gender of users,
their age, or experience, since a WPS is a continuance system usage where
users will use a system to fulfill their daily tasks without any restrictions
compared to mandatory systems.
3. The relationship between SI to BI remained significant at least at 0.05 level
(b=1.3858, p<0.05). The influence of family and friends are significant to
affect user acceptance. Nowadays, sharing and collaborating news, articles,
and products are very common features on the Internet. Users are able to
share rapidly their interests on news and articles to others, i.e. family and
friends. Many applications have been developed to support a user’s ability
in saving and sharing information online through the social book marking
such as Digg, del.icio.us, twitter, and many more.
4. The relationship between FC to USE turned to not significant, compare to
the model M1. By inclusion of age and experience, it implied that there is
no influence of facilitating condition to affect a WPS usage. In other words,
the organizational and characteristics of WPS (e.g. security, intrusiveness,
rich media, etc.) are not subjected to user’s age and experience. Users are
willing to use a WPS if characteristics of a WPS, i.e. personalized features
support their usage through matching expectation, non-intrusiveness, multi
platforms, etc., whether they are from females, males, youngest or older
group.
5. User’s gender (GENDER) has a significant effect (b=0.4356,p<0.05) to-
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wards the relationship between PE to BI. This will further analyze to find
whether male or female is more dominating the relationship, using PLS re-
gression in the next section. In terms of WPS, this finding implied that
gender affects how a user perceived on usefulness of a WPS. This finding is
from the total interaction between gender and age towards PE and BI, of
a WPS.
7.8.3 Testing gender moderating effect on performance expectancy (PE)
This section further investigates gender moderating effects on the relationship
between PE and BI (PE*GENDER to BI). This included a testing part of the
hypothesis H6 (described in Table 5.4), which hypothesized that, the influence of
PE on BI will be moderated by gender and age. However, age is not testing due
to insignificant (PE*AGE to BI) relationship (as depicted in Table 7.47).
To find out whether male or female has an effect or dominant in the relation-
ship between PE to BI, the PLS regression were used. Table 7.48 presented the
goodness of fit statistics produced by PLS regression.
Table 7.48: Comparison of effect between Male and Female on BI
Statistics Gender
Male Female
Number of observa-
tion
170 78
Coefficient determina-
tion
0.173 0.242
Standard deviation 0.794 0.783
MSE 0.62 0.59
RMSE 0.787 0.768
From Table 7.48, the male group explains 17% for the variance of behavioral
intention to use WPS, but the variance explained for behavioral intention by
the female group is higher (24%). Therefore, we can conclude that relationship
between PE to BI is more likely moderate by female group, rather than by male.
This supported by the lower RMSE (Root Mean squares Error) for female group
(0.768) compare to the male group (0.787). RMSE shows how accurate the
model predicts the response; it reflects the standard deviation of the unexplained
variance in the model (StatChat, 2011). Furthermore, the MSE (Mean squares
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Error) for the female group is lower (0.59) compare to the male group (0.62). The
lower MSE indicates the best explaining the variability in the observations.
7.9 Chapter summary
7.9.1 Conclusions of data analysis and model validation
This chapter presented the data analysis from the survey response for the pro-
posed user acceptance model. The descriptive statistics in the beginning part of
this Chapter, gives preliminary statistics for response data. The PLS to SEM has
been used to analyze data by two evaluation processes: (i) evaluating measure-
ment model, and (ii) evaluating structural model. In the measurement model,
some statistics from PLS analysis have been accesses for validity and reliability
of the measures, as described in Chapter 7. Furthermore, in the next struc-
tural model evaluation, the strength of relationships between variables been ac-
cessed via the bootstrapping technique, and hypotheses described in Chapter 6
are tested. Some conclusions about data analysis and hypotheses testing have
been made.
The model has been statistically validated via construct reliability and discrim-
inant validity by accessing two models: (i) the model without moderating ef-
fects/baseline model (M1) and (ii) the model with moderating effects (M2). In
the M1 model, it can be concluded that the indicators reflected its construct,
since item reliability and construct validity satisfied, using statistical validation
defined in Section 6.8.1. The M2 model has inclusion with four moderating effects
i.e. gender, age, skill, and experience. Therefore, 11 interaction terms have been
defined accordingly to hypotheses. The nomological validity between two models
has been accessed and some statistical power in the model has been validated by
utilizing the effect size, post-hoc analysis, and blindfolding technique to PLS.
Table 7.49 presented a summary of the results from data analysis and hypotheses
testing throughout this chapter. It shows that all constructs in the model M1 are
significance and supported hypotheses, except the relationship between facilitat-
ing conditions of WPS to the intention to use a WPS (FC to USE). Compared
to the original UTAUT, Venkatesh et al. (2003), suggested that the relationship
between FC to BI is not significant due to the effect being captured by effort
expectancy. However, Venkatesh’ finding is in compulsory settings, where user
must use the system in their job. Although it is the same finding, the present
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research in at voluntary settings , i.e. users are free to use a WPS. Hence, it is
not comparable.
Table 7.49: Summary of results
Hypothesis Path direction Results Moderating
effects test
M1 M2 -
H1 PE →BI supported Not supported -
H2 EE →BI supported Not supported -
H3 SI →BI supported Supported -
H4 FC →USE supported Not supported -
H5 BI → USE Supported Supported -
H6 PE * GEN-
DER→BI
PE * AGE →BI
Supported
Not supported
*Female mod-
erate the
relationship
between per-
formance
expectancy to
intention to
use WPS
H7 EE * GENDER → BI
EE * AGE → BI
EE * EXP → BI
Not supported
Not supported
Not supported
-
H8 SI * GENDER→ BI
SI * AGE→ BI
SI * SKILL→ BI
SI * EXP→ BI
Not supported
Not supported
Not supported
-
H9 FC * AGE→ USE
FC *EXP→ USE
Not supported
Not supported
-
With inclusion of moderating effects in Model M2, evidenced that the relation-
ship between PE to BI and EE to BI is not significance, as the path coefficients
turned to negative values. The relationship between FC to USE is also not sig-
nificant with the weak correlation (Hair et al., 1998), since β = 0.1868. However,
the relationship between BI to USE is highly significant. It implied that the
moderating effects on PE to BI and EE to BI is not significant to moderate the
relationships.
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In terms of WPS metrics, user acceptance is unfit to include moderating effects
(e.g. age and experience) as success evaluation, as the results on PE to BI and EE
to BI is significant without moderating effects. In other words, the acceptance
of a WPS is not depend on age and experience of users. Compared to the data
retrieval system, it acceptance has been proven to influence by age and gender,
from previous studies.
In addition, only gender has moderated the relationship in the model, where
the interaction terms between PE and BI with gender as a moderating effect
is significant at 0.05(a =0.001, p<0.05). It implies that how a user perceived
on performance expectancy of the WPS is depending on gender. Furthermore,
PE appeared in the previous theoretical model as a perceived usefulness (Davis,
1989), relative advantage (Moore & Benbasat, 1991), and outcome expectations
(Compeau & Higgins, 1995). It denotes that how a user perceived on usefulness
of the system such as enables them to complete tasks more quickly, improve
job performance, increase productivity, decrease time, and increase effectiveness.
From PLS regression, it shows that female user is more influence on perceived
usefulness of WPS toward intention to use. This result parallel with other findings
in previous studies, as gender is a key influence of user acceptance of technology
in many domains.
The coefficient determination of a proposed model denoted by R2 values have
improved which implied that the variance explained in the model increased by
inclusion of such moderating effects. Compare to M1, the variance explained for
intention to use a WPS (BI) increased to 40% from 22%, which also denoted by
the effect size of 30% (f 2 =0.3043). However, there is a small increased on the
variance explained in usage of WPS (USE), as the inclusion of moderating effects
turned the R2 from 33% to 34%. The small increases reflect the effect size for 2%
(f 2=0.023).
7.9.2 The implications from computational point of view
From the above discussions and findings, this research suggested that the mea-
sures that have been developed to have its implication from the computational
perspective. At the start, this research firmed on to establish suitable measures
that can indicate a user acceptance toward a WPS. By using IS theories, several
indicators have been constructed and operationalized through survey design, for
data acquiring. All measures are reflected from the proposed WPS-acceptance
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model that formulated based on CI perspective (as described in Section 5.4 on
page 130). Based on the model, this study focused on evaluating the quality of
personalized contents to a user.
As described via Figure 5.4, quality of the contents presented to a user through a
WPS consists of the three keys : (i) Contents , (ii) Time, and (iii) Form. Quality
of the contents are related to accuracy, relevancy, and completeness. Whereby,
time refers to maintenance, delivery, and prevalence. Moreover, form is subjected
to display, packaging quality, and accessibility. The relationship between these
measures to the point of view of IS, can be summarized in the 360 degree model
as presented in Figure 7.14 below:
Figure 7.14: CI-IS Integrated Measures
Source : Proposed in the study
From Figure 7.14, it can be seen that, two main problems facing by a user for
retrieving information on the Internet; information overload and mismatching
can be treated from the CI point of view by quality of content, time, and form.
From IS perspective, these measures can be transformed in four constructs, which
determined a user acceptance of a WPS, based on UTAUT’s framework (e.g.
PE, EE, SI and FC). The four moderating effects (e.g. gender, age, skill, and
experience) expected to moderate the way user a accept a WPS.
This thesis is motivated by the lack of measures in user acceptance of WPS. The
findings in this research can be tracked back from the CI perspective, where all
measures can be utilized in the design process of a WPS. Therefore, the CI can
be used along with IS measures, in order to evaluate the system. In other words,
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the magnitude of success from CI metrics such as precision, recall, speed, and
accuracy can be collaborated with measures in the proposed model. Based on the
proposed CI-IS model, findings from IS measures (as described in section Section
6.2) can be used to map and bridge into CI measures, as shown in Figure 7.14. A
completed measure descriptions are stated in Appendix C.
Based on Figure 5.4 and Figure 7.14, the concept of human-computer interaction
(HCI) design, is proposed to describe the important for design, measures and
design preferences, as depicted in Figure 7.15.
Figure 7.15: HCI design factors
The following section discusses the measures from CI metrics based on HCI design,
in order to bridge the measures from IS and CI metrics:
7.9.2.1 Accuracy
Accuracy is referred to how precise information of interest delivered to a user can
be simply calculated using CI metrics. Therefore, the design of a WPS should
consider on to what extent that users capable of obtain accurate information on a
WPS. Due to from human-computer interaction (HCI), accuracy is subject to the
reflective factors, for example interface, and user interaction on a WPS. However,
to define information accuracy displayed to a user via a WPS is very subjective,
in acceptance perspective. This is due to acceptance is subjected to various fac-
tors. The present research suggested that accuracy information can be measured
using CI metrics and proposed supportive measures from user acceptance, such
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as trusted providers, acquiring relevant info more quickly, security policy and
tracking user activities on a WPS.
7.9.2.2 Relevancy
As discussed in Figure 5.4, information relevancy shall be measured through pre-
cision and recall. In Other words, there is a trade-off between precision and
recall, as the precision measure the relevant information received by users during
searching information on a WPS. Whereas, recall measuring how much relevant
information received by a user.
To support user acceptance of a WPS from CI perspectives, measures from IS
indicators, such as acquiring information more quickly, clear and understandable
interaction, ease of acquiring information of interest, security policy, and match-
ing user expectation, can be employed. Therefore, the design process of a WPS
should consider those factors, in order to make information delivered to users is
relevant. For example, loading time, and interface which is reflected through the
completeness information and interactions of users on a WPS is an important
factor to be measured.
7.9.2.3 Speed
Speed is more likely suitable for measuring it using CI metrics, for instance, based
on ranking information (e.g. based on keyword search) and recommendation of
items. Measuring WPS acceptance from IS view, such as through “user capability
in locating information” is useful but subject to many influences such as hardware,
browsers, and Internet connection.
As a result, the design process shall consider, for example, the packaging quality,
and the use of rich media application on a WPS. Therefore, from cognitive view,
users will get benefits such as become more skillful at using a WPS, easy on
learning to use a WPS. Moreover, the design of a WPS which subject to cognitive
factors (e.g. skills and learning), is expected to support user for getting effective
information.
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7.9.2.4 Completeness
This measures can be based on reflective factors through the design of a WPS,
for example, user interface interaction. This measure can be supported through
IS measures, for example, providing personal details, tracking user past visits,
and complete security policy. These suggestions are rationalized from descriptive
statistics on the previous section. For example, user tracking activity on a WPS
is important for delivering a complete information of user interests. Furthermore,
providing personal details on a WPS supports the completeness information, as
the more information given, the more effective personalized agent process and
deliver personalized information to users.
Another support in measuring completeness is to what extent information de-
livering to users is matching user expectation. Since, a matching expectation is
suggested to fulfill the requirement of speed, precision, and timely information to
be delivered to users. As a result, it is an important measure, as providing reli-
able, accurate, and timely (RAT) information is demanded in most of websites,
in order to encourage users revisit the website and retain the current users.
7.9.2.5 Prevalence
prevalence which representing an aspect of the quality personalized content is
also important to measure. As revealed from CI measures, some indicators from
IS, such as intrusiveness on a WPS, intrusiveness despite benefits to users, and
better web experience, clear interaction and understandable, is significant. All
prevalence factors can be reflected through interface interaction by users, in terms
of HCI design. Hence, the design of a WPS shall meet the requirement of infor-
mation prevalence, as described and supported through IS measures.
7.9.2.6 Packaging quality
This measures can be measured by IS indicator such as rich Internet applications
and good visualization of recommendations. Since, the current trend of deliver-
ing information on the Web is utilizing packaging quality features. From HCI
design perspective, this measure is suggested to influence reflective and cognitive
factors. For example, packaging quality will support interface interaction, skills
and learning of users.
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7.9.2.7 Accessibility
From CI perspective, accessibility is referred to the effectiveness of information
presented to users. Therefore, based on HCI design, it is expected to have influ-
ence to users through reflective and cognitive factors. Some proposed measures
from IS such as cross-platforms, locating information more quickly, and increase
productivity is expected to support the measure of accessibility through a WPS.
For example, the demand of cross-platform’s browser of service on the Internet
is kept demanding by users. Since, the accessibility of websites is not restricted
to personal computers, but also on many devices. Therefore, the design that
supports a WPS accessibility is significant, and need to be considered by a WPS
developer.
7.9.2.8 Social and organization
From IS standpoint, the influence from social is referred to the effect from another
user and providers, as described in the social influence construct in Chapter
6. The organization design support factors may be resulting from facilitating
conditions. From HCI design view, the social and organization had a direct
influence to experience, belief, direct flow of information, privacy, and sharing
information. For example, the experience users on the Internet may influence
another user to use a WPS, as well as facilitating conditions factor is revealed
to support user acceptance of a WPS. Hence, this study suggested the design
of a WPS from social and organization features can be supported by the social
influence (e.g. family and friends), and facilitating conditions (e.g. complete
security policy, non-intrusive, tracking user past visits, and provision of help
tools).
In summary, based on the above discussions, the important of CI metrics that
found from user acceptance of a WPS can be ranked as follows : (i) accuracy, (ii)
relevancy, (iii) speed, (iv) completeness, (v) prevalance, (vi) packaging quality, (v)
accessibility, and (vii) social and personalized features. In other words, precision,
recall, speed, and trust are important measures for measuring user acceptance of a
WPS. The acceptance of a WPS shall be supported by social factors, since recently
the influence from ’socialize’ on intention to use and usage of web applications is
growing rapidly, and many services are available to enhance the way users of the
Internet sharing their interests and “like” on articles, products, and news within
their friends, family, and other users.
Chapter 8
FINDINGS AND DISCUSSIONS
8.1 Research Summary
The current research set out to formulate and validate a user acceptance model
towards a WPS. From intensive literature review of the field of web personaliza-
tion issues, measuring success of web personalization, and theoretical models of
user acceptance technology, the WPS Quality model has been developed. To op-
erationalize the model, UTAUT has been used to develop constructs for defining
user acceptance indicators. Based on the UTAUT framework, the antecedents
of user acceptance of a WPS have been formulated and data from users of WPS
was acquired from survey questionnaires. UTAUT was chosen across the eight
prominent theoretical models that were defined in Chapter 4, for measuring “user
acceptance” as a key success measure for a WPS. According to Venkatesh et al.
(2003), this theoretical model “integrates the fragmented theory and research of
information technology into a unified theoretical model that captures the essential
elements of eight previously established models”.
This chapter summarizes and reports the findings from the previous chapter and
provides a conclusion regarding this research. The chapter is organized as fol-
lows: the next section presents the research summary, and is followed by findings
from data analysis and hypotheses testing discussed in the previous chapter. This
chapter will integrate all the findings of the current research, as well as its contri-
bution to research in terms of theoretical, practical, and statistical analysis. Some
limitations were briefly described along with a suggestion for future research.
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The motivation for the current research was driven by two problems that users
are experiencing frequently in searching and acquiring information on the Web;
information overload and information mismatch. These problems resulted from
hindrances such as irrelevant information, cognitive overhead and disorientation,
that users face when trying to retrieve information on the Web. Web personaliza-
tion is a prominent solution to cope with user problems on the Web by tailoring
information according to user preferences and interests. Hence, the literature re-
views chapter defined Web personalization and its issues such as usability, security
and privacy and measuring success.
Among those issues, the issue of measuring success was chosen and defined in
Chapter 3. The significance of measuring success was examined from three per-
spectives: (1) systems: the ability to deliver personalized features, which included
the use of computational intelligence, (2) owners: measuring success for cost ben-
efit analysis and return of investment (ROI), and (3) users: defining the level of
user intent to use and continue to use the WPS. It was derived from various fac-
tors such as psychological, technological and skill level. The last perspective will
then be elaborated comprehensively according to the nine theoretical models in
technology acceptance, which underpin IS research, outlined in Chapter 6. Some
of those models were utilized for deriving a priori model of user acceptance. The
survey chosen as a method for data collecting was defined in Chapter 5.
The research model and hypotheses were then developed from detailed reviews
from Chapter 2, Chapter 3 and Chapter 4. The research model was formulated
by utilizing a proposed WPS Quality model and the UTAUT framework. Nine
hypotheses were developed based on the research model and tested in the data
analysis chapter. A survey instrument was developed which consisted of a ques-
tionnaire of thirty-one questions related to six key constructs from the UTAUT
framework: performance expectancy (PE), effort expectancy (EE), social influ-
ence (SI), facilitating conditions (FC), intention to use (BI) and usage (USE).
The last stage of this research was to define evaluation techniques of response
data, and further on, data analysis, by utilizing those techniques in Chapter 7
and Chapter 8. PLS-PM was deployed for the evaluation and validation of the
proposed user acceptance model. The model validation and some conclusions
made from empirical results of the PLS-PM, and finally research hypotheses were
tested draw conclusions and make some research findings.
In summary, the main contributions of this thesis are summarized as follows:
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• User perspective is significant for measuring the success of a WPS, by bridging
CI metrics to IS measures toward a user acceptance.
• IS measures through acceptance of technology can be used as complementary
factors in investigating user acceptance of a WPS, instead of CI metrics.
• Behavioural views on the success of a WPS is an important part when dealing
with psychological aspects such as adoption, acceptance, and satisfaction of a
WPS. The maturity studies from CI and IS have capabilities to support accep-
tance measures.
• The partial least squares-path modelling (PLS-PM) analysis is suitable for
investigating user acceptance factors toward a WPS. The use of PLS-PM for
statistical validation is in increasing demand in IS studies, involving simultaneous
interactions of variables and constructs.
• A unified view of a user acceptance towards a WPS should include demographic
indicators such as age, gender, skill, and experience. This is to ensure that all
possible indicators of a user acceptance are captured, since a WPS is of volun-
tary use and the technology behind it is moving forward with new services and
applications.
8.2 Discussion of hypotheses and implications to personalized
service
This section discusses the results of the tests of hypotheses that have been assessed
in Section 7.8. Table 8.1 shows the proposed relationship if they were supported or
not via model validation. Moreover, the strength of each relationship is also shown
and available for supported relationships. This section presents and discuss some
findings and implications in this research, which was evident from data analysis
and hypotheses testing in the previous chapter. The discussion was organized
according to six main constructs in the proposed user acceptance model of web
personalization systems (WPS), and based on Model M2, as the final model of
user acceptance of a WPS.
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8.2.1 Hypotheses testing and its implications : Model M1
From Table 8.1 , all hypotheses in Model M1 is supported. In other words, the
proposed relationships for all latent exogenous variables (e.g. PE, EE.SI, and FC)
to latent endogenous variables (e.g. BI and USE) are accepted. It implied that
all performance expectancy (usefulness of a WPS), effort expectancy (ease of use
of a WPS), social influence, had influence to user intention (BI) and a WPS usage
(USE). In addition, facilitating conditions (the organizational and characteristics
of a WPS) had a direct influence to a WPS usage, as described in Section 7.8.1
The following will discuss about hypotheses testing from Model M2, and its im-
plications.
Table 8.1: Results of hypothesis testing Model M1 and M2
Support Hypothesis Relationship strength
Relationship Model M1 Model M2 Model M1 Model M2
H1-Performance expectancy
will have a positive signif-
icant effect on behavioural
intention to use a WPS.
Supported Not sup-
ported
Weak
(β =
0.1470)
Not
available
H2-Effort expectancy will
have a positive significant ef-
fect on behavioural intention
to use WPS.
Supported Not sup-
ported
Weak
(β =
0.1285)
Not
available
H3-Social Influence (SI) will
have a positive significant ef-
fect on behavioural intention
to use WPS.
Supported Supported Moderate
(β =
0.2899)
Strong
(β =
1.3858)
H4-Facilitating Condition
(FC) will have a positive
significant effect on the WPS
usage.
Supported Not Sup-
ported
Weak
(β =
0.1042)
Not
available
H5-Behavioural Intention to
use WPS (BI) will have a pos-
itive significant effect on the
WPS usage.
Supported Supported Strong
(β =
0.5175)
Strong
(β =0.5035)
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Continued from the previous page
Support Hypothesis Relationship strength
Relationship Model M1 Model M2 Model M1 Model M2
H6-The influence of perfor-
mance expectancy on be-
havioural intention moderates
by gender and age, such that
the effect will be stronger
for men and particularly for
younger men.
Not
Assessed
Gender
moderat-
ing effect
supported
Not
Assessed
Moderate
(β =
0.4356)
H7-The influence of effort ex-
pectancy on behavioural in-
tention moderates by gender,
age, and experience, such that
the effect will be stronger for
woman, particularly younger
women, and particularly at
the early stage of experience.
Not
Assessed
Not Sup-
ported
Not
Assessed
Not
available
H8-The influence of social in-
fluence on behavioural inten-
tion moderates by gender and
age, skill, and experience,
such that the effect will be
stronger for men and partic-
ularly for younger men.
Not
Assessed
Not Sup-
ported
Not
Assessed
Not
available
H9-The influence of facilitat-
ing conditions on usage mod-
erates by age and experience,
such that the effect will be
stronger for younger users,
particularly with increasing
experience.
Not
Assessed
Not Sup-
ported
Not
Assessed
Not
available
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8.2.2 Hypotheses testing and its implications : Model M2
8.2.2.1 Influence of performance expectancy on behavioural intention
Hypothesis testing - Hypothesis H1, that PE will positively influence BI, was
not supported by the inclusion of moderating effects. This indicated that such
moderating effects are not effected by intention to use a WPS. These results
are in contrast to the original UTAUT model by Venkatesh et al. (2003). In
mandatory settings where the use of a system is compulsory, how a user perceives
the usefulness of a system is positively influenced by intention to use, whereas
the use of a WPS is voluntary, performance expectancy does not influence the
intention to use a WPS.
Implications - PE has four indicators for measuring how users perceive person-
alized Websites regarding the influence of features such as perceived usefulness
towards delivering information accurately (PE1), improves capability in locating
information (PE2), increases user productivity (PE3), and provides relevant in-
formation quickly (PE4). From the summary of responses in Section 7.3.6.1, most
users (77.2%) believed in the usefulness of a WPS in providing relevant informa-
tion more quickly , followed by increasing user productivity (69.36%), delivering
information accurately (66.13%), and improving capability for locating informa-
tion (64.92%). From these results, it can be seen that on average (69.55%) users
have agreed with performance expectancy of a WPS.
In terms of the development of a WPS which deliberately from computational
approaches, these findings supported that the usefulness and capability of a WPS
relies on the accuracy of user information about their interests to help a user lo-
cate relevant information, as well as increases a user’s productivity while using a
WPS. Therefore, the design of algorithms should support the accuracy of informa-
tion and improve user capability and productivity, so that relevant information
can be provided to a user. From the current development, a recommendation
engine was developed to improve and extend the recommendation of items to a
user by using domain knowledge, semantic ontology, and conceptual information
through recommendation processes to generate much more precise recommenda-
tions (Uzun et al., 2010). Furthermore, the recommendation engine served as a
knowledge discovery tool, and was used to deliver personalized news via RSS and
social graphs (Phelan et al., 2011) and data mining for personalized (Helen Zhang
& Jin, 2011).
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Moreover, in terms of intention to use personalized websites, PE has a positive
influence on user intent to use a WPS, which was reflected by a significant path
coefficient (b) that hypothesized PE to BI. Although a WPS is more likely to have
voluntary settings, this finding is parallel with previous researches in mandatory
settings (e.g. organizational environment) (Lin & Wu, 2002).
With the inclusion of moderating effects, PE is not significantly influenced by
age of user. This implies that the age of user does not influence how users
perceive the usefulness of a WPS. However, In the original UTAUT research by
Venkatesh et al. (2003), age moderated the relationship between PE to BI, where
a younger worker has more influence on intention to use a system in a mandatory
setting. The difference between the current research and the previous ones is
due to the types of system settings: mandatory and voluntary. For the office
computer system, i.e. a mandatory setting, how a user perceived PE towards BI,
is influenced not only by user age but also by user gender. The younger male
workers had stronger belief in the usefulness of a computer than did the female
workers.
As use of a WPS is optional for users, how they perceive the usefulness of the
system is influenced only by the user gender. As evident in empirical analysis,
females moderate the relationship between PE to BI, and this aspect contributed
to the variance explained on BI, up to 40% (R2= 0.402). Additionally, the vari-
ance explained by a female group is better than for a male grouping from the PLS
regression. Furthermore, age of user does not influence user belief in the useful-
ness of a WPS. This finding is supported by empirical analysis via PLS-PM, in
which the inclusion of age in PE to BI, is not significant.
8.2.2.2 Influence of effort expectancy on behavioural intention
Hypothesis testing - Hypothesis H2, that EE would influence intention to use
a WPS was not supported by the inclusion of moderating effects. This signified
that the moderating effects i.e. gender, age and experience of users were not
influencing a user to accept a WPS. In general a WPS is a type of continuing use
of a system, since it requires a user to expend an ongoing maintenance effort, in
order to keep the system up-to-date. Such user involvement should assist a user
in reaping future benefits out of the system.
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Implications - Effort expectancy originated from the perceive ease of use (PEOU)
in TAM and TPB proposed as indicators of a user acceptance toward a WPS. In
summary, EE was measured via the ease of use a WPS from clear and understand-
able interaction (EE1), skillful at using a WPS (EE2), easy to learn (EE3), and
easy for acquiring information of interests (EE4). Analysis from Section 7.3.2 ev-
idenced that ease of acquiring information of interest (77.68%) highly supported
a user acceptance of a WPS. Moreover, on average about 73.68% of users believed
the ease of use to influence their acceptance of a WPS. This finding is compara-
ble with the previous studies that supported ‘ease of use’ is more dominated on
intention to use of the systems, rather than usefulness, such as hedonic (pleasure)
information systems (Hans van der et al., 2003), user experience on the websites’
usage (Mahlke, 2002), impact of perceived ease of use Internet services (Shen &
Chiou, 2010), as well as office computer systems (Venkatesh et al., 2000, 2003)
From PLS-PM analysis, it is evident that EE has significant influence over BI. It
is implied that the way users believe in ease of use of a WPS will influence their
intention to use a WPS.
However, with the inclusion of moderating effects, i.e. gender, age, and experi-
ence, the path coefficient for EE to BI is not significant. Hence, what users believe
about the ease of a system is not moderated by gender, age, and experience. In
comparison, from the original UTAUT model, the effect of EE is stronger for
older females with limited experience. The difference is that the WPS was on
voluntary settings, compared to data and retrieval systems at workplace which
are on mandatory settings.
From the point of view of the development of a WPS, ease of use factors should
be considered in the design processes. The interaction for users in a WPS should
be straightforward and intelligible, so that users are able to obtain relevant in-
formation more quickly, as well as become skillful at using a system and find it
the system easy to learn. In the recent development of Web 2.0 and Web 3.0,
which purports to be a “web of data”, personalized information and sharing of
interest through social media including web is increasing rapidly. Therefore, the
design of a WPS should facilitate the use of a system to ensure that users accept
it. In addition, personalized information collected by a WPS should be able to be
shared and shared via Web 2.0 platform (e.g. wikis, flickr, blogs, etc.), as well as
support semantic web development of Web 3.0. The idea behind this suggestion
is to ensure that when users use a WPS they find that it is easy to learn, and
easy to acquire information of interest, as well as become skillful, and interact
effectively on a web.
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8.2.2.3 Social influence effects behavioural intention
Hypothesis testing - Hypothesis H3, that SI would influence the intention
to use of a WPS was supported by the strong relationship between SI and BI.
This result suggested that SI plays a key role in user intention to use a WPS.
Hence, SI impacts are two fold. Firstly, this result is consistent with the earlier
literature, where SI directly affected usage intention of a system and the Web.
For example, previous and current studies have suggested that social influence is a
significant predictor of user usage intention in computer-mediated communication
applications in blogs (Henningsen & Henningsen, 2003; Hsu & Lin, 2008); web-
based learning systems (Karaali et al., 2011); mobile data services (Faziharudean
& Li-Ly, 2011); and online game acceptance sites (Lu & Wang, 2008).
Secondly, social influence also contributes to a WPS usage intention by enhancing
user perceived blog system qualities. Bonabeau (2004) indicated that people may
not always consciously evaluate the quality of alternatives. Instead, people tend
to take others’ actions as a simple proxy for quality evaluation when facing plenty
of choices. In other words, people tend to infer that the larger the number of the
users of an application, the higher the quality of the application (Salganik et
al., 2006). Moreover, the number of users of an application may also affect users’
perception of its value due to the effect of network externality (Katz and Shapiro,
1985). In line with these views, our results suggest that bloggers perceptions of a
system’s qualities are strongly affected by social influence which, in turn, results
in affecting bloggers’ usage intention.
Implications - Social influence (SI) existed in the previous theoretical accep-
tance models as a subjective norm or normative belief, such as in the TAM
and TPB. It measures the influence of a user’s peers and colleagues on a user’s
expectations, intention to use, and usage In the present study, SI is measured
through three indicators: family and friends (SI1), personalized service providers
to providing useful guides (SI2), and the user himself influencing intention to use,
and usage of a WPS (SI3). Collective user response indicated that the highest
Score (66.94%) was for the role of user to influence another user , followed by
the influence from providers (53.63%), and the influence from family and friends
(50.41%). On average, 56.99% of users agreed that other influences were impor-
tant in order to accept a WPS. From PLS-PM analysis, the path coefficient on
SI to BI revealed that there is strong evidence that SI supports an intention to
use WPS.
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However, in terms of moderating effects, no hypothesis was significant , but sur-
prisingly neither did gender, age, skill or experience of user have an influence on
the relationship between SI to BI. This implies that whether users are male or fe-
male, young or old, skilled or unskilled, or experienced or inexperienced does not
influence the way users perceive intention to use a WPS. Compared to the pre-
vious research by Venkatesh & Davis (2000), females are influenced by perceived
ease of use and social influence (subjective norms) towards intention to use and
the use of the data and information retrieval systems at a workplace. Moreover, a
study done by Wakefield et al. (2011) indicated that social perceptions are more
about usability of Websites based on ease of use and usefulness, and not based
on peer and family influence.
In terms of design, it is important that a personalization provider considers the
possibility of a current user affecting another user, as well as the requirement
of a personalized service to provide a useful guide to a user. The spread of
an idea of such as personalization services should be according to current user
trends. Nowadays, the use of social network applications is increasing rapidly and
many applications (e.g. fan page, microblogging, podcasting, presentation sharing,
etc.) provide recommendations about media (e.g. news, articles, products, etc.),
so sharing and collaborating features have been utilized in Web applications.
Therefore, to increase user acceptance of a WPS a provider must take a suitable
approach via social media for attracting users to use a system. It looks like a
marketing strategy to create a ’buzz’ around a system for the world. For example,
by using a micro-blogging site such as Twitter, and presentation-sharing site such
as Slideshare, personalized services are able to spread more rapidly to a user
as well as help business succeed. Twitter also emerged as a new word-of-mouth
method for spreading brands and products for enterprises (Jansen et al., 2009).
8.2.2.4 Facilitating conditions influence usage
Hypothesis testing - Hypothesis H4, that FC would influence usage of a WPS
was not supported. In the current study, facilitating conditions of a WPS were
hypothesized as having a direct influence on usage of a WPS . It had the highest
number of indicators to use as a metric to evaluate characteristics and orga-
nizational features of a WPS to support user usage and acceptance, through 12
indicators. These indicators were complete security policy (FC1); delivers person-
alized information in non-intrusive manner (FC2); intrusiveness but added benefit
(FC3); tracking user’s past visits (FC4); trusted providers (FC5); matched user
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expectations (FC6); accessible via multiple platforms (FC7); rich media content
(FC8); better Web experience (FC9); good visualization of recommended items
(FC10); help tools for assisting users in difficulty (FC11), and providing personal
details (FC12). All indicators have been described and analyzed in Section 6.2
and 7.3.4.
From the response data, it is evident that the highest response (86.69%) was
received from FC9 , and on average 70.18% respondents agreed that facilitating
conditions supported their usage of a WPS. Moreover, FC3 and FC12 received
a lower response of 33.87% and 39.52%, respectively. The remainder, FC4, FC5,
FC6, FC7, FC8, FC10, and FC11, agreed in the range of 52.42% to 81.85%. In
summary, users collectively believed that the characteristics and organizational
features of a WPS supported their acceptance. These results implied that a better
Web experience, security policy, user expectation, good visual appeal, help tools,
a proper rich media application, and a trusted provider were conditions that
facilitated users to accept a WPS. However, the tracking of user activity and the
intrusiveness in delivering information by the provider, as well as the provision
of personal details by the user are more likely to be obstacles to user acceptance
of a WPS.
Implications - However, from PLS-PM analysis, security policy and intrusive-
ness in delivering personalized information were eliminated from the final analysis,
since both did not meet the requirement of reliability. From the measurement
model as described in Section 7.4.1, both have loadings slightly below the thresh-
old value, i.e., 0.5. Therefore, in terms of the ultimate analysis, security policy
and intrusiveness are not taken into account in the final model findings. More-
over, FC has positive a influence on the usage of a WPS, as described in Section
7.5.2.1. This result is implied that conditions, features, and user supports on a
WPS facilitate user to adopt it.
The inclusion of moderating effects such as age and experience does not change the
relationship between FC to USE. Hence, it shows that neither age or experience of
users influences a user’s belief about conditions, features, and support in order for
them to accept a WPS. The findings are parallel with the original UTAUT model
by Venkatesh et al. (2003) , which in mandatory settings FC is not influenced by
age or experience of a user.
In terms of the design of a WPS, those factors should be considered in order
to promote usage of a WPS. For example, the use of proper medium content,
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accessible via multiple browsers, and help tools, etc. In the current phase of
numerous Web applications and the wide range of user capabilities via many
platforms (e.g. computers, tablet computers, mobile phones, etc.), a personalized
service should consider the availability of a system across a multi-platform, not
only for browser capability but also to the end users, who have various device
possibilities. It is important for personalized services to provide information
more effectively and successfully. Furthermore, the proper medium is capable of
creating a positive experience for users who in turn, influence other users about
navigating through personalized Websites.
These results confirm the previous findings that aesthetic values, as in attractive
appearance and visually appealing design a play a significant role in increasing
users navigating behaviour (Bradley et al., 2004; McKnight & Vivek, 2006; Phelps
et al., 2001). The consideration to support multi-range users in personalized
services is reflected in the current trend computer usage. For example, research
shows that 82% of the tablet computer market in the USA is from iPad (Nielsen,
2010), and the growing market of tablet computers is expected to reach 242% in
2011 (Articlebase, 2011).
8.2.2.5 Behavioural intention influence usage
Hypothesis testing - Hypothesis H5, that intention to use a WPS influences
usage was supported by the strong relationship between SI and USE. Intention
to use a WPS is hypothesized to have a significant influence on actual usage of
a WPS. From PLS-PM analysis, path coefficients in both models are significant,
which reflected that BI has a positive influence toward USE. The moderating
effects do not play a role in moderating the relationship between BI to PE, since
surprisingly there are no drastic changes on the path coefficient, by including
the moderating effects of both BI and USE in the model M2. Due to both BI
and USE being endogenous dependent variables, the contributions of moderating
effects are captured through their exogenous independent variables such as PE,
EE, SI, and FC.
In terms of explained variance that was exhibited from coefficient determination
values (R2), the inclusions of moderating effects in the Model M2 implies that the
proposed model using the UTAUT framework is more likely useful in including a
unified perspective of moderating effects. It shows that by including moderating
effects in the model, BI has a moderate effect size f 2 (which increases from R2
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=0.220 to R2=0.440), as discussed and presented in Section 7.6.2.1.. However,
USE has a weak effect, an increase of just 2% of R2 relative to the proportion of
variance remains explained, due to the inclusion of moderating effects.
Implications - Hence, in terms of a WPS, personalized providers should take
into consideration all the significant factors that research has established have
the most influence on user intention to use a WPS. These factors are defined via
the usefulness or serviceability (performance expectancy), ease of use (effort ex-
pectancy), and social factors (social influence). However, the characteristics and
organizational aspects of a WPS are directly expected to influence the current
usage of a WPS. In addition, the intention to use a certain technology is a widely
accepted factor in marketing, e-commerce, and Internet banking studies, and gen-
der difference is one of the significant issues in user response toward technology.
For example, a study by Broos (2005) and Teo (2010), suggested that, in the
new millennium, males were enthusiastic and ready to develop a positive attitude
toward technology, whereas females took a longer time to become familiar with
a new technology, and build a positive feeling toward it.
Furthermore, with the increase in collaborative activities and information sharing
on the Internet, especially on social networks, the design of personalization should
be embedded in social network websites such as Facebook, MySpace, and Orkut.
To ensure the delivery of personalized features is not only restricted on websites,
but also spreading throughout the globe. In other words, users are able to share
their personal details and collaborate with each other (e.g. via like, links, etc.)
around the world. This can be done through the implementation of plug-in
applications, that can deliver personalized features effectively via social network
websites. For example, the use of Facebook Markup Language (FBML) and static
FBML application (e.g. Buddy media platform) to provide effective information
for business through Facebook.
8.2.2.6 Gender has a moderating effect toward PE to BI
Hypothesis testing - Hypothesis H6 as stated in Table 5.4, is that gender, age,
skill and experience would moderate the relationship between PE and intention
to use a WPS. From the analysis, only gender has moderated the relationship
between PE to BI, as described in Section 7.8.3 on page 261. Female users were
found to moderate a user’s intention to use a WPS.
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Implications - This result indicated that what a user believes about perfor-
mance expectancy of a WPS is dependent more on being female than on being
male. As stated in Section 8.2.2.5, females take a longer time to become familiar
and develop a positive attitude towards a new technology. The gender differences
in technology acceptance is part of significant studies in the most mandatory of
settings, office computers and data retrieval systems. The previous studies re-
vealed that, in mandatory settings, younger male workers influenced the way in
which a user believes towards performance expectancy of the system. The re-
sult from hypothesis testing on gender moderating effects evidenced that females
dominated an intention to use a WPS, since a WPS is voluntary setting which is
available for everyone on the Web.
Furthermore, a WPS is a kind of high maintenance information system (HMIS)
which requires “users to keep ongoing maintenance effort in order to keep the
system up-to-date so they can continue to reap future benefits out using the
system” (Assadi & Hassanein, 2010). In addition, a WPS is also a new medium
on the Internet and as stated by Broos (2005) and Teo (2010), females need time
to develop their belief in a new system particularly on intrinsic motives such as
enjoyment, that will also be influenced by social norms. Additionally, the current
trend of a new application on the Internet such as Google+ (Google Plus) revealed
that across 33,549 Google+ user profiles, are dominated by 86.5% males, while
female users number only 12 % (Socialstatistics, 2011).
8.3 Research questions revisit and findings
Finally, the findings of this research are assessed through answering the research
questions posed in Chapter 1, and the linking between IS measures and CI mea-
sures, as follows:
8.3.1 Is it possible to employ IS theories to evaluate the acceptance of a
WPS?
From intensive literature in Chapter 2, Chapter 3, and Chapter 4, this research
found that apparently it is possible to demonstrate and evaluate user acceptance
of a WPS, by employing IS theories. For example, from the nine theories that have
been reviewed through Chapter 4, regarding the factors from a user’s perspective
toward acceptance of a WPS, it is possible to define user acceptance via variables
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such as usefulness, ease of use, intention to use, and usage. The development of
instruments to measure user acceptance was theoretically based on IS field and
support, with the core environment from CI, as described through the proposed
WPS acceptance framework (Figure 5.4). The main problem faced by users when
retrieving information i.e. information overload and mismatching, direction the
description and formulation of the research model based on technology acceptance
theory.
In addition, throughout the research model and theoretical framework based on
the UTAUT, several factors which affect user acceptance of WPS were defined and
validated . The four factors, i.e. performance expectancy, effort expectancy, social
influence, and facilitating conditions have been hypothesized to influence user
acceptance via two dependent variables (exogenous latent variables), intention to
use (BI) and actual use (USE) of WPS.
All factors, affected user intention to accept and use WPS. It reflected how users
perceived characteristics and organizational aspects of a WPS as assisting them.
However, from PLS-PM analysis two factors from FC i.e. FC1 (security policy)
and FC2 (intrusiveness) are not considered in the refined model, since the load-
ings was below than the minimum threshold (0.5). The previous findings from
Venkatesh et al. (2003), found that FC was captured through PE. Therefore,
it did not influence the usage of a WPS. Furthermore, among those constructs,
SI and BI had a strong significance in affecting user acceptance of WPS. This
was indicated by from the path coefficient and t-statistics values presented in
Table 7.41 and Table 7.42.
8.3.2 How does one evaluate user acceptance of a WPS?
This research demonstrated that user acceptance of a WPS could be evaluated
through development of antecedents (as described in Section 6.2). The factors
that were expected to affect user acceptance were formulated by measures from
computational aspects of Web personalization evaluation. From this framework,
measures were described and constructed by employing IS theories. Through
the proposed acceptance model, there are four constructs were developed that
expected to influence user acceptance. These constructs are described as latent
exogeneous variables such as PE, EE, SI, and FC.
Overall, user acceptance of a WPS were defined through two latent endogenous
variables: (i) behavioural intention to use (BI) and (ii) usage (USE). Findings
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from descriptive statistics, PLS-PM analysis, and criteria of quality model have
evidenced that BI is more powerful to define user acceptance, rather than USE.
In terms of WPS metrics, intention to use of a WPS is revealed as a dominant
factor to lead users in accepting of a WPS. Therefore, the implementation of
a WPS should acknowledge the intention factors that will be leading a user to
accept a WPS. For example,
Moreover, these findings is evidenced from quality criteria of the proposed model.
For instance, from effect size analysis, moderating effects is ’moderate’ in terms
of explaining the variance in intention to use a WPS (f 2 = 0.3043) and ’weak’
for explaining the WPS usage (f 2=0.023).
8.3.3 What other factors influence user acceptance of a WPS?
Although, many factors in user acceptance of a WPS have been described in the
literature, there are various possible factors found to have influenced the way users
adopt a WPS. Based on the previous work in technology acceptance, these factors
were found to originated from the demographics such as age, gender, skill, etc. For
example, age and gender had been found to affect user acceptance of technology
in mandatory system settings, but not when the use of a system was compulsory
for a user (Davis, 1989; Davis et al., 1989; Taylor & Todd, 1995b; Venkatesh &
Davis, 2000; Venkatesh et al., 2003; Venkatesh & Ramesh, 2006). Likewise, in
other research into systems where the use is voluntary, age and gender, etc. had
also been found to affect user acceptance. For instance, in Internet banking and
e-commerce (Hwang, 2010).
These factors were treated as moderating effects in the current research. From
the findings of the present research, only gender has found as demographic factor
leading to user acceptance. Female group found to influence relationship between
performance expectancy to behavioural intention. Which means that how good
performance of a WPS that can lead a user to accept a WPS is more in female
group.
There were four aspects of geographic data (i.e. gender, age, skill, and expe-
rience) which were hypothesized as affecting user acceptance of a WPS. From
these, only gender of a user was found to affect intention to use a WPS through
perceived performance since the female user group rather than the male user
group dominated the relationship between PE and BI. Other moderating effects
not influence users to accept or use a WPS.
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Overall, moderating effects contributed to a better explanation of user acceptance
of WPS.
8.3.4 Can one determine how effective CI metrics are from a user
perspective?
From the analysis in Section 7.9.2, CI metrics for measuring a WPS success could
be determined by user perspectives as stated in the proposed model. What users
believe about a WPS on precision, recall, speed and accuracy can be seen by
mapping the indicators of user acceptance into CI perspectives, as presented in
Section 7.14 on page 265. By mapping those indicators, a unified view of user
acceptance towards a WPS can be determined and used for evaluating the ways
users accept and reject a system.
Furthermore, the determination of CI metrics for measuring the effectiveness of
a WPS shall be found from the ranking of antecedents user acceptance, based
on response data as presented in Table 8.2, according to the proposed model of a
user acceptance of a WPS.
Table 8.2: Ranking of acceptance measures
Rank Acceptance measures CI Metrics
PERFORMANCE EXPECTANCY
1 Relevancy Precision
2 Productivity Recall
3 Accuracy Accuracy
4 Locating information Recall
EFFORT EXPECTANCY
Rank Acceptance measures CI metrics
1 Learning Speed
2 Ease to get info Speed
3 Interactions Speed, precision
4 Skillful Completeness
SOCIAL INFLUENCE
1 Influence others (e.g. family and friends) Socialize, tagging
2 Providers Design
3 Friends and family influences Socialize
FACILITATING CONDITIONS
Rank Acceptance measures CI metrics
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Continued from the previous page
Rank Acceptance measures CI Metrics
1 Better web experience Design
2 Security policy Security policy
3 Matches expectation Precision
4 Non-intrusiveness Precision, recall
5 Multiple platforms Browser compatibility
6 Good visualization Design
7 Help tools Support
8 Rich media applications Web services and
applications
9 Trust Trust
10 Tracking past visits Adaptive web
11 Sharing/provide information Extract knowledge,
user profiles creation
12 Intrusiveness despite benefit Precision, recall,
speed
From Table 8.2, It can be seen that the proposed measures of a user acceptance
from a user standpoint, can be connected to and bridge to the CI metrics. How-
ever, some social and facilitating condition indicators from acceptance measures
are not fully defined into CI metrics, as they are depended on subjective matters
and influence by other indicators.
8.4 Research Implications
From the above findings, the results from this research have implications for some
views and research, such as IS, web personalization research, and UTAUT. This
section discusses the implications of this study for theory and research.
8.4.1 Theoretical benefits
From the above findings, some benefits in terms of theoretical aspects are antici-
pated from IS research, UTAUT, and the Web personalization research area.
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8.4.1.1 Implications for Web personalization research
Most of the research on Web personalization, especially in assessing the efficiency
of a computing system to give feedback and recommend items to users, is based
on CI. In addition, that research is about efficiency and the ability of an algorithm
being developed to recommend items and number of items based on the current
and previous user’s searches. In the field of marketing, research on personalization
is related to e-commerce, for example, how users interact with the system and
what they expect and believe about the efficiency of e-commerce systems.
In the condition of user’s responses to web personalization study it is still lacking
and new, this research brings a psychological perspective to user attitudes to
personalization features on theWeb based on research studies into user acceptance
of technology, underpinned by research in IS. Based on the two main problems
faced by users in searching and retrieving information on the Web; information
overload and data mismatch, Web personalization is a respected way to provide
information closer to user needs. This research has determined user acceptance
of WPS via the indicators that were described intensively in the research design
and hypotheses, in Section 6.2.
8.4.1.2 Implications for IS Research
The measures for success in Web personalization were defined by the set of func-
tional beliefs that were verified in this research. They were empirically tested
exhibited drawn from various literatures such as algorithmic performance and
user acceptance. The former literature pertained to CI, whereas, the latter be-
longed to IS studies. User acceptance of a WPS was used to define effectiveness.
It ranged from included various aspects such as acceptance of technology that
was elaborated on Chapter 4 on page 64.
These findings have implications for the extending of IS theories in a user ac-
ceptance of WPS. Currently, WPS researches are well-described by marketing,
e-commerce, economics as well as algorithmic performance. The evidence sug-
gests that user behaviour has become a valuable measure for success in WPS. This
concurs with previous studies that predict the influences on the Internet technolo-
gies, as found in Gefen et al. (2003), Jarvenpaa et al. (2000), and McKnight &
Vivek (2006). Furthermore, the acceptance measures described in Chapter 7,
indicated that personalized features on the Web are supported by how a user
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perceives the performance expectancy, effort expectancy, social influence, and fa-
cilitating conditions. The inclusion of moderating effects has contributed a high
level of clarification to overall user acceptance of WPS. However, perceived on in-
dividual constructs are not moderate by those moderating effects, and in general
moderating effects are not influencing at all.
8.4.1.3 Implications for the UTAUT
In attempting to fully understand and simultaneously predict acceptance factors
towards WPS, this research contributes to the IS and social psychology literature
by adopting and validating the UTAUT. First, the present study shows that there
are many factors that reflect how a user accepts WPS. Those factors are defined
and formulated from three problems that typically face a user in acquiring and
retrieving information on the web. The potential factors for user acceptance of
a WPS were constructed in the WPS acceptance model. The user acceptance
of WPS was developed based on the UTAUT framework, which has five major
constructs, i.e. PE, EE, SI, BI and USE. Findings from PLS-PM analysis re-
vealed these factors have influenced beliefs that are defined and established in
the UTAUT and which can be described mutually for use in measuring success in
Web personalization. As well, they can be used for predicting user behaviour from
three approaches that involve user satisfaction, in particular, on a personalized
Website: acquiring information, giving information, and navigating a personal-
ized Website. Those factors are suggested as influencing user’s intention and use
of WPS.
8.4.2 Implications for Practices
From the above findings, the results from this research have implications for some
practical matters, such as a framework for designing personalized services, and
reflection on the statistical analysis.
8.4.2.1 Implications for personalizing services
The WPSs are a voluntary setting where users are free to use it. The present
research contributed to the area of WPS by formulating measuring indicators of
user acceptance based on the theory and issues in personalizing services on the
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Web. Based on the WPS Quality Model, several characteristics of personalized
services have been investigated. Therefore, some characteristics of quality person-
alized services, e.g. information accuracy, information relevancy, time, packaging
quality, and display could be used for improving personalized services on the
Web. Furthermore, some findings from this study revealed that most of the ge-
ographic data (e.g. gender, age, skill, and experience) did not influence the way
users accept a WPS. For example, how a user perceived ease of use through PE
or usefulness through EE is not significantly influenced by gender, age, skill, or
experience. However, a small contribution from gender did influence users to
accept WPS, from PE.
8.4.2.2 Reflection on the statistical analysis
In this research, a set of statistical methods for measuring WPS acceptance has
been employed in the form of survey questionnaire responses via PLS-PM anal-
ysis. The use of component-based SEM through PLS-PM as a data analysis
technique has a great potential approach which is not only a powerful statistical
analysis technique for analyzing the indicators of WPS acceptance, but also suits
ordinal survey data as it does not require an assumption of normal distribution
of survey population and sample size (Chin, 1998) in IS studies.
Furthermore, through SEM, the PLS-PM modelling was derived to assess the fit
of the research model from the UTAUT framework (as described in Section 5.6 on
page 134) to the empirical data, as well as assessing the hypothesized relationship
in the model. The measurement model (an outer model) specified the relationship
between latent variables (LV) and their indicators. The structural model (an inner
model) represents the direction and specifies the causal relationship between LV
and their indicators (e.g. reflective and formative). In this study, the relationship
indicators of success and their LV or measures are reflective, as suggested by Chin
(1998) and Chin (2010) due to the objective being theoretical-based testing and
not theory building. Some guidelines for selecting the reflective indicator have
been briefly introduced based on the previous research.
This study presented the data analysis techniques and model validation via PLS-
PM, which can be used to define how to translate from the research model to
statistical analysis, as well as illustrate model construction and data analysis.
The further model validation only appeared in some marketing literature, through
post-hoc analysis and predictive relevance.
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8.5 Future Work
Despite the comprehensiveness of the proposed model that empirically supports
the success measures in WPS; some theoretical and empirical limitations are
acknowledged which might require future research.
Firstly, user acceptance of WPS cannot be fully assessed with measures that
are defined in the research model. Future research should consider additional
measures and methods. For example, using other methods such as a focus group
and interviews for acquiring feedback from users, since the technology of WPS will
keep changing in the future with more and more features expected to be included
in Web personalization. The proposed UTAUT-based framework only defined
a blueprint for identifying acceptance of WPS. The nine proposed hypothetical
models of user acceptance in WPS (as described in Chapter 6) and quality of
personalized features, could be enhanced in future research. This could be done
through a set of interviews to focus users of the particular WPSs. The interviews
in this research used a qualitative approach to gather opinions from individuals or
groups of users regarding the intention and usage of a WPS. This approach was
employed to support the development of measures in the survey questionnaire by
gaining insight into user experiences and their beliefs about the capability and
availability of WPSs.
Secondly, these models can be validated through statistical techniques to find the
most appropriate model for defining success measures in Web personalization. A
major obstacle of this study was that a few indicators, i.e. represented by the
survey items have been described. Although a lot of indicators have been defined
and developed for measuring acceptance, future research should add more indi-
cators by implementing a WPS in laboratory research using some prototypes to
demonstrate personalized features on the Web, so that a user is able to experience
personalized features directly from a system.
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USER ACCEPTANCE OF WEB PERSONALIZATION SYSTEMS (WPS)
a survey conducted by the
  Computer Science Discipline
Faculty of Science and Technology
Queensland University of Technology (QUT)
Introduction
The Web personalization  systems  (WPS)  that  deliver  personalized  features  on the  Internet  have become an
emerging trend for tailoring information to users in many domains such as e-commerce, social network, dating
service,  news portal, and many others. Please see below for explanation about WPS.
Purpose of the Survey
The purpose of this survey is to identify the factors that influence the acceptance and use of WPS in your daily
Internet tasks. This survey is being conducted by  a research team of  Computer Science Discipline, Faculty of
Science  and  Technology.  We  seek  to  learn  from  experience  with  WPS  in  your  daily  tasks,  whether  from
e-commerce, social network, dating service, or portal. Insight into your experiences with WPS will be valuable in
highlighting the acceptance factors of WPS.
Information consent
This project is being undertaken as part of Doctor of Philosophy (Information Technology) by  Mohd Afandi Md
Amin.
Your participation in this project is voluntary. If you do agree to participate, you can withdraw from participation at
any time during the project without comment or penalty. Your decision to participate will in no way impact upon
your current or future relationship with QUT.
There are no perceivable risks beyond day-to-day living associated with your participation in this project.  You
should be conducting your participation and exploring the given example Web personalization systems in a normal
daily manner. No comments or judgements will be given by the researcher regarding your feedback via the online
survey system. Your performance and expertise are not accessed or measured in any way in this study.
It  is  expected  that  this  project  will  not  directly  benefit  you.  However,  it  may  benefit  you  indirectly  by
acknowledging the existence of Web personalization systems that you are experienced by browsing e-commerce,
social network, my Web portals as well as dating Websites. Some of  personalized websites employ personalized
strategies to deliver information of interest to users.
The return of the completed questionnaire is  accepted as  an indication of your consent to  participate in this
project.
Confidentiality
This  research  has  Ethical  Clearance  by  approval  number  1000000865.  Your  responses  will  be  kept  strictly
confidential and anonymous. Only grouped results will be used in publications or any reports. If you have any
concerns  regarding  the  ethical  conduct  of  this  research,  You  can  contact  the  Secretary  of  the  Queensland
University  of  Technology's  Human  Research  Ethics  Committee  on  07-3864  2902  or  email
ethicscontact@qut.edu.au.
General Instructions for Completing and Returning Questionnaire
Thank you for  agreeing  to  take part  in  this  research.  Please  read  the  following  information  carefully  before
completing  this  questionnaire.  This  study  is  not  testing  your  opinion  on a  particular  personalization
system. Your answer will be based on the collective experience on Web personalization systems (e.g.
Amazon, e-bay, Google search, Facebook, and Youtube). There are only 31 questions in this survey,
and  it  should  take  about  25  minutes to complete.  Please  answer  all  questions.  The questions  are
grouped within the following sections  for ease of understanding:  Section 1 (General Information),  Section 2
(Performance expectancy),  Section  3 (Effort expectancy),  Section 4 (Social  influence),  Section 5  (Facilitating
conditions), Section 6 (Use and intention to use), and Section 7 (Preferences of web personalization).Response to
a question can be made by clicking a button. Some videos and sounds will be presented to assist you in making
responses.
This survey is best viewed with Mozilla Firefox, Flock and Google Chrome at screen resolution 1024 x
768 pixels. If you have any queries concerning the questionnaire, please do not hesitate to contact me or my
research team.
 Research Team
Dr. Richi Nayak
Computer Science Discipline
Faculty of Science and Technology
Queensland University of
Technology
Tel:+617-31381976
Fax:+617-31381214
Email:r.nayak@qut.edu.au
Dr. Taizan Chan
Information Systems Discipline
Faculty of Science and Technology
Queensland University of
Technology
Tel:+617-31382533
Fax:+617-31381214
Email:t.chan@qut.edu.au
Mr. Mohd Afandi Md Amin
Computer Science Discipline/
Information System Discipline
Faculty of Science and Technology
Queensland University of Technology
Tel:
Fax:
Email:mohd.mdamin@student.qut.edu.au
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Survey Instruments
SECTION 1: GENERAL INFORMATION
1 GENDER What is your gender?
2 AGE How old are you?
3 SKILL Based on your usage of Internet applications, how would
you rate your Internet skills?
4 EXP How long have you been using personalized websites?
SECTION 2: PERFORMANCE EXPECTANCY
5 PE1 A personalized website delivers information of my inter-
est more accurately.
6 PE2 A personalized website improves my capability in locat-
ing information that I need.
7 PE3 A personalized website increases my productivity in ac-
quiring information.
8 PE4 A personalized website enables me to get relevant infor-
mation more quickly.
SECTION 3: EFFORT EXPECTANCY
9 EE1 My interaction with a personalized website is clear and
understandable.
10 EE2 It would be easy for me to become skillful using person-
alized websites.
11 EE3 Learning to use personalized websites is easy for me.
12 EE4 It is easy to get personalized information of my interest
via personalized websites.
SECTION 4: SOCIAL INFLUENCE
13 SI1 People who are important to me (e.g. family and
friends) think that I should use personalized websites.
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14 SI2 The providers of personalized websites often provide use-
ful guides for using their website.
15 SI3 I will recommend personalized websites to my family
and friends.
SECTION 5: FACILITATING CONDITIONS
16 FC1 I will use a personalized website that provides complete
security policy.
17 FC2 I will use a personalized website that delivers personal-
ized information in a non-intrusive manner.
18 FC3 I will use a personalized website that delivers personal-
ization information in intrusive manner due to its added
benefits.
19 FC4 I will use a personalized website that keeps tracking my
past visit to deliver personalized information.
20 FC5 I will trust a personalized website provided by a com-
pany with a good reputation.
21 FC6 I will use a personalized website that delivers informa-
tion which matches my expectation.
22 FC7 I will use a personalized website that is accessible via
multiple platforms.
23 FC8 I will use a personalized website that employs a proper
use of rich media content to deliver the relevant infor-
mation.
24 FC9 I will use a personalized website that creates a better
web experience.
25 FC10 I will use a personalized website that offers good visu-
alization of recommended items (e.g. products, news,
friends).
26 FC11 I will use a personalized website that has help tools to
deal with difficulties.
27 FC12 I am pleased to provide personal details in order to ob-
tain improved personalized features.
SECTION 6: USE AND INTENTION TO USE
28 BI I will use a personalized website in the near future.
29 USE I use a personalized website regularly.
SECTION 7: PREFERENCES OF WEB PERSONALIZATION
30 PREF Which personalized features do you prefer on the Inter-
net?
338
31 RANK Rank your choices on how personalized features to be
delivered to you.
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Appendix D
Capture of the survey system
On-line version available at
http://energy4all.biz/research/index.php?sid=37113&lang=en
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